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Abstract

The emergence of neural networks has revolutionized the
field of motion synthesis. Yet, learning to unconditionally
synthesize motions from a given distribution remains a chal-
lenging task, especially when the motions are highly diverse.
In this work, we present MoDi – a generative model trained in
a completely unsupervised setting from an extremely diverse,
unstructured and unlabeled motion dataset. During inference,
MoDi can synthesize high-quality, diverse motions that lay
in a well-behaved and highly semantic latent space. We show
that despite the lack of any structure in the dataset, the latent
space can be semantically clustered, facilitating various ap-
plications including, semantic editing, crowd simulation and
motion interpolation. Our qualitative and quantitative experi-
ments show that our framework achieves state-of-the-art syn-
thesis quality that can follow the distribution of highly di-
verse motion datasets. Code and trained models are available
at https://sigal-raab.github.io/MoDi.

1 Introduction
The field of motion synthesis includes a wide range of long-
standing tasks whose goal is to generate a sequence of tem-
porally coherent poses that satisfy given cues and/or spatio-
temporal constraints and importantly, look natural. In par-
ticular, learning to synthesize human motion from a given
data distribution is a challenging task, especially when the
dataset is highly diverse, unstructured and unlabeled. In re-
cent years, deep neural networks have become a popular
tool for motion generation, and their excellent performance
is imputed to their ability to learn motion priors from large
scale datasets. However, learning a motion prior from a di-
verse dataset remains a challenge.

Previous works focused on synthesizing specific types
of motion of limited diversity (Holden, Komura, and Saito
2017), building upon recurrent networks, conditioned by a
set of initial frames (Zhou et al. 2018) or learn from a struc-
tured dataset and condition the synthesis by a label indicat-
ing a specific action (Petrovich, Black, and Varol 2021).

We present MoDi, an unconditional generative model that
synthesizes diverse motions. Our model is unsupervised and
is trained on diverse, unstructured and unlabeled motion
datasets, yielding a well-behaved, highly semantic latent
space, which facilitates a variety of synthesis operations.

Our design is inspired by the powerful architecture of
StyleGAN (Karras et al. 2020), which has become a foun-
dation for synthesis in the imaging domain, as it learns a

Figure 1: Our generative model is learned in an unsupervised
setting from a diverse, unstructured and unlabeled motion
dataset and yields a highly semantic, clustered, latent space
that facilitates synthesis operations. Note that each single la-
tent code represents a whole motion sequence.

well-structured latent space that allows incredible semantic
editing capabilities (Bermano et al. 2022). However, there is
a significant gap between the imaging and motion domains;
Images possess a regularized 2D spatial structure with a rela-
tively large number of degrees of freedom (DoF), while mo-
tion data is irregular, consisting of a skeletal graph with a
temporal axis that has a smaller number of DoF. To miti-
gate this gap and to convert the key-ideas of image-based
StyleGAN into the motion domain, we conducted a thor-
ough study of potential architectural variations (order and
number of blocks, resolution, layers, etc.), operators (2D
vs. 3D convolutions, with and without skeleton-aware op-
erators(Aberman et al. 2020a)), various data representations
(positions, rotations, etc.) and ran numerous of experiments.
As a result, we have carefully designed a framework that
borrows StyleGAN’s style-code injection and mapping ele-
ments and is based on 3D skeleton-aware operators convolu-
tions. Furthermore, we introduce a novel filter that replaces
skeleton-aware pooling.

Our results show that MoDi learns a structured latent
space that can be clustered into regions of semantically sim-
ilar motions without any supervision. This latent space fa-
cilitates applications on diverse motions, including semantic
editing, semantic interpolation between motions, and crowd
simulation. Furthermore, we present an inversion technique
that projects a given motion into latent space, allowing the
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usage of our applications on unseen motions. We evaluate
our synthesis network qualitatively and quantitatively, and
show that it outperforms SOTA methods in similar settings.

Our contribution is threefold: (i) A network that synthe-
sises diverse natural motions, (ii) an inversion mechanism
from real motions to our latent space, and (iii) a novel 3D
convolutional filter that replaces skeleton-aware pooling.

2 Related Work
The emergence of neural networks has transformed the field
of motion synthesis, and many novel neural models have
been developed in recent years (Holden et al. 2015; Holden,
Saito, and Komura 2016). Most of these models focus on
specific human motion related tasks, conditioned on some
limiting factors, such as motion prefix (Aksan, Kaufmann,
and Hilliges 2019; Barsoum, Kender, and Liu 2018; Habi-
bie et al. 2017; Yuan and Kitani 2020; Zhang, Black, and
Tang 2021; Hernandez, Gall, and Moreno-Noguer 2019),
in-betweening (Harvey et al. 2020; Duan et al. 2021; Kauf-
mann et al. 2020; Harvey and Pal 2018), motion retargeting
or style transfer (Holden et al. 2017; Villegas et al. 2018;
Aberman et al. 2019, 2020a,b), music (Aristidou et al. 2021;
Sun et al. 2020; Li et al. 2021; Lee, Kim, and Lee 2018), or
text (Tevet et al. 2022; Zhang et al. 2021).

A large number of models focus on action conditioned
generation. These works are closer in spirit with ours, hence
in the following we elaborate about them. These models
can be roughly divided to autoregressive (Petrovich, Black,
and Varol 2021; Fragkiadaki et al. 2015; Zhou et al. 2018;
Maheshwari, Gupta, and Sarvadevabhatla 2022; Guo et al.
2020; Habibie et al. 2017; Jang and Lee 2020; Ghorbani
et al. 2020) and GAN-based (Degardin et al. 2022; Wang
et al. 2020b; Yan et al. 2019; Yu et al. 2020).

Petrovich, Black, and Varol (2021) learn an action-aware
latent representation by training a VAE. They sample from
the learned latent space and query a series of positional en-
codings to synthesize motion sequences conditioned on an
action. They employ a transformer for encoding and decod-
ing a sequence of parametric SMPL human body models.
Maheshwari, Gupta, and Sarvadevabhatla (2022) generate
single or multi-person pose-based action sequences with lo-
comotion. They present generations conditioned by 120 ac-
tion categories. They use a Conditional Gaussian Mixture
Variational Autoencoder to enable intra and inter-category
diversity. Wang et al. (2020a) employ a sequence of recur-
rent autoencoders. They replace the KL divergence loss by a
discriminator to ensure the bottle neck distribution.

Some GAN-based models are combined with factors that
limit their generalization, such as Gaussian processes (Yan
et al. 2019) or auto encoders (Wang et al. 2020b; Yu et al.
2020). Degardin et al. (2022) fuse the architectures of GANs
and GCNs to synthesise the kinetics of the human body. Like
us, they borrow a mapping network from StyleGAN (Karras
et al. 2020). However, their model does not utilize important
aspects of StyleGAN such as multi-level style injection. As
we demonstrate, these aspects significantly ameliorate the
quality of the synthesized motions.

Unlike the above conditional models, we present an un-
conditional method. Only a few works enable pure uncon-
ditioned synthesis. Holden, Saito, and Komura (2016) pre-
sented a pioneering work in deep motion. They introduce an
unconditional autoencoder, which unlike our model, is not

skeleton-aware. Their latent space is not sufficiently disen-
tangled, so they train a separate feed forward network for
each editing task, while MoDi performs editing in the latent
space with no need to train an additional network.

In order to process motion in a deep learning framework,
many existing works convert the motion into a pseudo im-
age, where the joints and time-frames are equivalent to im-
age height and width, and joint features (e.g., coordinates)
are equivalent to RGB channels (Holden, Saito, and Komura
2016; Maheshwari, Gupta, and Sarvadevabhatla 2022; Her-
nandez, Gall, and Moreno-Noguer 2019; Petrovich, Black,
and Varol 2021). While this approach is straightforward and
intuitive, joints are fundamentally different from image pix-
els in that they are not necessarily adjacent to each other as
pixels are. A partial solution for this problem is presented
in Tree Structure Skeleton Image (TSSI) (Yang et al. 2018),
where some of the joints are replicated to ensure skeletal
continuity in convolution. However, TSSI cannot reflect all
neighborhood degrees.

The emergence of Graph-based convolutional networks
has been adopted by the motion research community (Yan
et al. 2019), since the human skeleton is naturally repre-
sented by a graph, where the joints and bones are represented
with vertices and edges, respectively. A full motion is then
considered as a spatio-temporal graph (Yu et al. 2020; De-
gardin et al. 2022).

Since a single kernel shared by all joints cannot capture
the fine nuances of each joint, more advanced techniques
(Aberman et al. 2020a; Yan et al. 2019) exploit the advan-
tage of using finite size skeletons with predefined topology.
Each skeletal joint is unique in the way it relates to its neigh-
bors. In our work, we adopt this approach and dedicate a
unique kernel for each joint.

3 Model
At the crux of our approach lies a deep generative model
trained in an unsupervised manner on an extremely diverse,
unstructured, motion dataset. Our network receives a noise
vector drawn from an i.i.d Gaussian distribution and outputs
a natural, temporally coherent, human motion sequence.

In recent years, generative works in the image domain
have attained unprecedented synthesis quality (Brock, Don-
ahue, and Simonyan 2018; Kingma and Dhariwal 2018; Ho,
Jain, and Abbeel 2020), and our framework is inspired by
one of the prominent methods – StyleGAN (Karras et al.
2020, 2021). However, StyleGAN as is cannot be used for
motion synthesis since there is a significant domain gap be-
tween images and motions that makes the adaptation non-
trivial. First, images possess a regularized spatial struc-
ture with an inductive bias of pixel neighborhood which is
strongly exploited, while motions are irregular, consisting of
joints whose features are adjacent in a tensor but are unnec-
essarily adjacent in the skeletal topology. Second, images
has a relatively larger number of DoF comparing to the DoF
of motion which is limited by the number of joints.

In order to bridge the gap, our architectural design em-
ployees structure-aware neural filters that enable us to cope
with the irregular motion representation. Unlike previous
works in the domain, we use 3D convolutions rather than
1D or 2D ones, facilitating essential modulation operators
with a dedicated kernel for each skeletal joint. In addition,



to compensate for the low number of DoF and prevent over-
fitting, we engage a hierarchy that is shallower than the one
used in the imaging domain.

Next, we discuss our structure-aware modules and net-
work architecture (Section 3), show that our latent space is
semantically clustered, present an inversion technique that
projects a given motion into the learned latent space, and
demonstrate semantic editing capabilities applications (Sec-
tion 4). Finally, we show quantitative and qualitative evalu-
ation of our framework and compare it to a state-of-the-art
alternative (Section 5). We refer the reader to the supplemen-
tary video to see the results of our work.

3.1 Motion representation
We describe motion using temporally coherent 3D joint ro-
tations, R ∈ RT×J×K , where T , J and K are the numbers
of frames, joints and rotation features, respectively. Unit
quaternions (4D) attain the best empirical results when used
for rotation representation. The root joint position is repre-
sented by a sequence of global displacements, P∈RT×3. In
addition,our network learns to refrain from foot sliding arti-
facts using binary foot contact labels, F∈{0, 1}T×2, that are
concatenated to the joints axis. We zero-pad the feature di-
mension of the root location and the foot contact labels to
the size of the rotation feature, K, and add an extra dimen-
sion, so all entities (R, P and F) possess the same number
of features. Altogether we have R ∈RT×J×K (unchanged),
P̂ ∈ RT×1×K , and F̂ ∈ RT×2×K . Once all features share the
same size, we concatenate them and obtain the full motion
space by

Mfull ≡ RT×E×K , (1)

where E=J+3 is the number of entities (R, P and F).
Let Mnat denote the space of natural motions that are

plausible for humans to enact. Each motion m ∈ Mnat is
represented by a tuple, [Rm, P̂m, F̂m]. Note that the sub-
space of all human motions, Mnat ⊂Mfull, is extremely
sparse, as most of the values inMfull correspond to unnat-
ural or impossible human motions.

Our network has an hierarchical structure in which the
represented motion is evolving from coarse motion repre-
sentation to a finer one. At each level ` the number of frames,
joints, entities and features is denoted by T`, J`, E` and
K`, respectively. The number of frames T` increases be-
tween two consecutive levels by a factor of 2, and the num-
ber of joints increases by an arbitrary factor in order to ob-
tain a meaningful refinement of the skeleton (Aberman et al.
2020a; Degardin et al. 2022).

Additional representation considerations are detailed in
Appendix B.1.

3.2 Structure-aware Neural Modules
We consider the human skeleton as a directed graph, where
the joints stand for vertices and the bones stand for directed
edges. We associate each skeletal joint with the edge that is
directed towards it, hence they share the same features. The
root joint, to which no edge is directed, is associated with an
abstract edge that starts at the origin. In the following we re-
fer to joints and edges seamlessly, according to the context.

Some works (Degardin et al. 2022; Yu et al. 2020) use
Graph Convolutional Networks (GCNs) for neural computa-
tion. Like GCNs, they employ the same kernels to all graph

Figure 2: 3D convolutional scaler: Each horizontal slice af-
fects one entity in the fine character (left), and each verti-
cal slice (xz plane) affects one entity in the coarse charac-
ter (right). Each entity in the coarse character ”sees” only
weights related to relevant entities of the fine character, em-
phasised with saturated colors in the filter. Our filter is 5D
and since we can only visualize 3D, we omit the channels.

vertices. Unlike general graphs, the topology of the skeleton
is known in advance, and has a finite size. These facts can be
exploited to get better sensitivity to each joint’s unique role
in the skeleton. We follow the works that exploit the knowl-
edge of skeletal topology (Yan et al. 2019; Aberman et al.
2020a) and dedicate separate kernels for each joint.

However, these works use näive pooling to up/down sam-
ple the skeletal (spatial) domain. Unpooling uses mere copy-
ing and pooling uses averaging. We present a new spatio-
temporal convolutional operator, that scales the skeleton
topology, as well as the temporal dimension. We use con-
volution during down-scaling and transposed convolution
for up-scaling, both with the same filter architecture. We
achieve the desired functionality by adding a dimension to
the kernels for the out going joints, similar to the way a di-
mension is added for the out going channels. The dimen-
sions of each filter are then K`+1×K`×E`+1×E`×U ,
where U is the filter width. Figure 2 visualizes our novel
convolutional scaler filter and Figure 3 shows how it works.

In addition, we use one existing skeleton-aware module,
namely in-place convolution (Aberman et al. 2020a), and
add a third dimension to it too. The motivation for 3D is
convenience while applying modulation, explained in Ap-
pendix B.2. Appendix B.2 also describes skeleton-aware
modules in current works (convolutional and pooling).

3.3 Network architecture

Our network receives a noise vector drawn from an i.i.d
Gaussian distribution, Z , and outputs a natural, temporally
coherent, human motion sequence, as depicted in Figure 4.
Our generator G consists of two main parts: a mapping net-
work that maps noise into a well-behaved, structured, latent
space, and a fully convolutional neural network that maps a
learned constant and the latent code into the final motion.
Mapping network Let Z = N (~0, I) be a multivariate nor-
mal distribution. Given a latent code z ∈ Z , a non-linear
mapping network produces a latent value, w ∈ W . W is
known to be disentangled and well behaved, as studied by
many works (Shen et al. 2020; Nitzan et al. 2021) for im-
ages and by Degardin et al. (2022) for motions.



Figure 3: Down sampling with our new filter (depicted 3D out of 4D, no channels): (a) Data at hierarchical level `: Dimensions
are K` × E` × T`. We expand it by one dimension in preparations for 3D convolution. (b) Level ` data is further padded by
zeros, and its new dimensions are K` × (2E`+1−1) × E` × T`. (c) 3D convolution: The filter is slid within the data block.
Sliding is along the x and y axes only, as the z axis’ filter height is identical to the data height. (d) Resulting data: The extra
dimension of size 1 is dropped such that final dimensions at level `+ 1 are K`+1 × E`+1 × T`+1.

Figure 4: Our motion generator combines structure-aware neural modules with a mapping network and style-codes injected to
multiple levels of the generator. A detailed description of the architecture (layers, hyperparameters, ...) is given in the appendix.

Motion synthesis network In this part, we introduce a hier-
archical framework that learns to convert a learned constant
tensor into a motion representation via a series of skeleton-
aware convolutional layers (Section 3.2), where the tradi-
tional skeletal pooling layer is replaced by our novel con-
volutional scaler. The layers in the motion synthesis net-
work are modulated by style-codes that are injected in each
level and modify second order statistics of the channels, in a
spatially invariant manner (Huang and Belongie 2017). The
style codes are learned from the outputs of the mapping net-
work, using affine transformation.

We employ a discriminator (Goodfellow et al. 2014), D,
that holds the reverse architecture of the synthesis network.
It receives generated or real motion, and processes it in
skeleton-aware neural blocks that downscale gradually. A
recap of StyleGAN, and details on training setups and hy-
perparameters, are given in Appendices B.3 and D.2, respec-
tively.

3.4 Loss Functions
Our main loss is adversarial. In addition, we regularize the
generator with foot contact and with path length, and regu-
larize the discriminator with R1.
Adversarial loss We train our GAN with a non-saturating
adversarial loss (Goodfellow et al. 2014),

LGadv = − E
z∼Z

[logD(G(z))] , (2)

LDadv = − E
m∼Mnat

[logD(m)]− E
z∼Z

[log(1−D(G(z)))] . (3)

Foot contact loss Accurate foot contact is a major factor of
motion quality. There is already special care for foot contact
in the adversarial loss, as Mnat contains foot contact la-
bels. However, we noticed that encouraging the contact be-
tween the feet and the ground improves the naturalness of

the motions, and discourages the phenomenon of ’floating’
feet. Hence, we add an encouragement regulation

LGtouch = E
z∼Z

[− log s(G(z)F ))] , (4)

where (·)F is the contact-label component of the motion,
and s(·) is the sigmoid function.

In addition we use contact consistency loss (Li et al. 2022;
Shi et al. 2020), which requires that a high velocity should
not be possible while a foot is touching the ground:

LGfcon = E
z∼Z

[∥∥∥FK (G(z))f

∥∥∥2
2
· s (G(z)F )

]
, (5)

where FK(·) is a forward kinematic operator yielding joint
locations, and (·)f is feet velocity extracted from them.

Although our foot contact losses notably mitigate sliding
artifacts, we further clean foot contact with a fully automatic
procedure using standard IK optimization (Li et al. 2022).
Path length loss This loss (Karras et al. 2020) requires that
a fixed-size step inW results in a non-zero, fixed-magnitude
change in the generated motion.

LGpath = E
w∼W,r∼R

[∥∥∥JT
wG(w) ∗ r

∥∥∥
2
− a
]2
, (6)

where R is a unit Gaussian space normalized by the num-
ber of joints and frames, Jw = ∂G(w)/∂(w), and a is the
accumulated mean gradient length.
R1 loss This loss (Mescheder, Geiger, and Nowozin 2018)
improves the functioning of the discriminator:

LDR1 = E
m∼Mnat

[
‖∇mD(m)‖22

]
. (7)

Altogether, the generator and discriminator losses are

LG = LGadv + λtouchLGtouch + λfconLGfcon, LD = LDadv . (8)



Figure 5: The latent spaceW , split into 8 clusters using K-
means, and visualized using T-SNE. Each point relates to
one W space instance, generated from random noise z ∈
Z . The visualized motions are the result of running these
latent variables through our generator G. We observe that
the clusters indeed represent semantic grouping of the data.

We activate the regularizations LGpath and LDR1 in a lazy
fashion, as done by Karras et al. (2020).

4 Latent Space Analysis and Applications
4.1 Latent Clusters
We demonstrate that W is well structured by clustering it
into meaningful collections of motions. Recall that MoDi
learns diverse datasets, whose data is unstructured and can-
not be semantically clustered using common attributes.

In Figure 5 we observe the latent space W , split into 8
clusters using K-means. The W values belong to 10,000
randomly synthesized motions. We randomly choose several
motions from each cluster and depict them. Clearly, motions
represented by different clusters are semantically different,
and motions that share a cluster are semantically similar.

4.2 Latent interpolation
Let w̄ be the mean of all w ∈ W , and let mean motion de-
note G(w̄), the motion generated by it. The mean motion is
depicted at the bottom row of Figure 6(a). This motion is
similar for all variations of trained networks, and is what we
intuitively expect: an idle standing, front facing character.

We demonstrate the linearity of the latent space W by
interpolating between the latent values and observing the
motions generated out of the interpolated values. A special
case, called truncation, is when the interpolation target is w̄.
In the imaging domain, truncation has an important role in
regularizing out of distribution images. We show that trun-
cation works well in our model too. A truncated sequence
is denoted by wi = ŵ + i

C (w̄ − ŵ), where ŵ ∈ W , C is
the number of interpolation steps, and i ∈ [0 . . . C]. Clearly
w0 = ŵ and wC = w̄. We can replace w̄ by any sampled
w̃ ∈ W , and then the sequence is called interpolated rather
than truncated. Let mi = G(wi) denote the motion gener-
ated out of each wi. Figure 6 (a) and (b) shows the motions
create out of truncation and interpolation, respectively.

We observe favorable characteristics in all interpolation
sequences. First, mi is semantically similar to mi−1, but it
also changed towards the semantics of the target mC . When
dealing with truncation, mi is always milder than mi−1.

Second, we notice that the interpolation is between whole
sequences rather than frames. For example, if in mi−1 the

Figure 6: Latent space interpolation with C = 4. Col. (a):
interpolation to the mean motion (truncation); col. (b): in-
terpolation between two sampled motions. The interpolated
motion is notably smooth and natural.

Figure 7: Inversion of two motions, (a) and (b). The orig-
inal and the reconstructed motions are depicted at the top
and bottom rows, respectively. The reconstructed motions
are created by first converting the real motions intoW+ and
then running the obtained latent values in the generator.

character jumps occasionally, then inmi the character jumps
in a similar frequency, but unnecessarily on the same frames.

Lastly, there are no unnatural motions in the sequence,
although using simple geometric joint interpolation would
have resulted in unnatural motions. Figure 6(b) demonstrates
this, where our latent interpolation yields natural motions at
all stages. A näive geometric interpolation of edge rotations
would result in abnormal pose between sitting to standing,
with a vertical spine (see supplementary video).

4.3 Motion Inversion
Our inversion module, I , is an optimizer that gets an input
motion m and outputs a latent variable w, where the differ-
ence between G(w) and the target motion m is minimized:

I(m) = argmin
w

‖G(w)−m‖2+λFK‖FK(G(w))−FK(m)‖2. (9)

We use gradient descent to minimize the target similar-
ity metric starting with a random Gaussian noise. Inversion
quality improves when using W+ and when using an L2
loss on both rotation angles and joint locations. W+ (Ab-



Figure 8: Editing in the latent space. The motion remains
intact except for the edited attribute, gradual right arm lift-
ing (gral). Note that character’s right arm is to the reader’s
left. The gral attribute gets stronger as we go down in each
column. The generative prior of MoDi keeps the jumping
motion (b) natural, even at the expense of arm lifting.

dal, Qin, and Wonka 2019) is explained in Appendix C.1.
Figure 7 visualizes the quality of the obtained inversions.

Inversion is an important basis for further applications. Once
an unseen motion is inverted to theW+ space, it can be, for
example, semantically edited, as shown next.

4.4 Editing in the latent space
If a latent space is sufficiently disentangled, it should be pos-
sible to find direction vectors that consistently correspond to
individual factors of variation. Let a be an attribute related
to motion. a can be any semantic attribute, such as motion
speed, verticality measurement of parts in the body, or a mo-
tion style. Inspired by Shen et al. (2020), we compute a score
that measures a in a motion. For example, when measuring
the verticality of a motion, a character doing a handstand
would get a score of −1, lying down would get a score of 0,
and standing up would get a score of 1. Using a given score,
we train an SVM, yielding a hyperplane that serves as a sep-
aration boundary. Denote the unit normal of the hyperplane
by n. Then G(w + n) possesses increased score of attribute
a comparing to G(w). The only attribute that should change
in such editing is a, preserving the rest of the motion intact.

Unlike image datasets, that hold labeling for various at-
tributes (age, gender,...), there is not much labeling in motion
datasets. We create our own simple classifiers, and elaborate
next regarding one of them, measuring gradual right arm
lifting, denoted gral. Gral means that the right arm is lifted
as time advances. Computing a score for the gral attribute
is not straight forward, and is detailed in Appendix C.2. Our
results are visualized in Figure 8, where we show that the
gral attribute gets stronger while stepping in the latent space,
and the naturalness of motions as well as their semantics are
kept. In our video clip we show that when such an attribute
is artificially applied via geometric interpolation, the results
are unnatural. Obtaining manual natural results would re-
quire an artist’s hard work.

Figure 9: Crowd simulation. Each frame in blocks (a), (b)
and (c) depicts a sequence of poses over time of one motion.
The two sequences in each of these blocks visualise simi-
lar motions created using perturbation in the latent space.
Block (d) depicts poses in one time frame extracted from
six distinct motions. (a) a group of dancers; (b) friends play-
ing ’throw the ball’; (c) an audience standing up to greet an
honored guest; (d) crowd strolling in the town square.

4.5 Crowd simulation
Given an input motion m, we can sample variations in our
latent space W by simply sampling the neighborhood of
the w that corresponds to m. We sample in a Gaussian
∼N (m,σ2), with σ in the range 0.1-0.8. This way, one can
simulate, for instance, people walking in the town square, a
group of dancers, or a group of friends jumping from a high
step. See Figure 9 and our video for examples.

5 Experiments
Datasets We use Mixamo (Adobe Systems Inc. 2021) for
training and evaluation, and use HumanAct12 (Guo et al.
2020) for evaluation, as described in Appendix D.1.

5.1 Quantitative Results
Metrics We use the metrics FID, KID, precision-recall
and diversity, and describe them in Appendix D.3. Some of
the other metrics in the literature, e.g., accuracy, cannot be
used for an unconstrained model and are hence ignored. The
metrics build upon the latent features of an action recogni-
tion model. However, training such a model on Mixamo is
challenging, as there is no action labeling in it.

Our approach to this challenge is interdisciplinary. Mix-
amo has a textual label for each motion. Using the Sentence-
BERT (Reimers and Gurevych 2019) NLP model, we at-
tain latent features representing the textual characteristics of
each motion. Then we use K-means to cluster the embed-
ding, and use each cluster as a pseudo action label. With
labels at hand, we train an action recognition model (Yan,
Xiong, and Lin 2018). The features extracted from this
trained model are then used for metrics calculation.

Results MoDi is unique compared to other works, as it
is trained without any constraints. Holden, Saito, and Ko-
mura (2016) introduced unconstrained training, but we pre-
fer comparing with more recent works, and since they are all



Model FID ↓ KID ↓ Precision ↑
Recall ↑ diversity ↑

ACTOR (2021)
unconstrained 48.8 0.53 0.72, 0.74 14.1

ACTOR (2021)
constrained 18.8 0.18 0.70, 0.56 17.52

MoDi (ours)
with mixing 15.55 0.14 0.72, 0.75 17.36

MoDi (ours)
without mixing 13.03 0.12 0.71, 0.81 17.57

Table 1: Quantitative results for state-of-the-art ACTOR and
MoDi on the HumanAct12 dataset. The grayed lines show
the original algorithms, without the changes that make them
comparable. Note that our model leads in all the variations.

Figure 10: Qualitative result. More are in the video and in
Appendix D.4.

conditioned, we make minor changes in the training proce-
dure to make the models comparable, as detailed next.

Changes to constrained models: We ’convert’ these mod-
els to unconstrained ones by assigning the same label to all
motion instances, as if they all belong to the same class.

Changes to MoDi: MoDi uses style-mixing (Karras et al.
2020), which encourages disentanglement between hierar-
chical layers. However, mixing may change the distribution
of synthesised motions, yielding degradation in the metric
score. Hence, for the sole purpose of comparison with other
works, we train our model with no mixing.

We compare our model with state-of-the-art action syn-
thesis network, ACTOR (Petrovich, Black, and Varol 2021),
on the HumanAct12 (Guo et al. 2020) dataset. See results
in Table 1. We compare to two trained versions of ACTOR.
The first, is where we make ACTOR comparable to MoDi by
removing the action constraints. The second, used only as a
sanity check, is where we run the constrained model pro-
vided by the authors. We provide results for two variations
of our trained model. The first, is our regular setting, trained
with style-mixing. The second is the one that should be com-
pared to action synthesis models, with no mixing. Both ver-
sions of MoDi outperform both versions of ACTOR.

5.2 Qualitative Results
The reader is encouraged to watch our supplementary video
in order to get the full impression of the quality of our re-
sults. For completeness, we show one special motion in Fig-
ure 10, and several more in Appendix D.4.

5.3 Ablation
In Table 2 we show the results of a thorough study of poten-
tial architectures. We first show the metric scores when using

Architecture
variation FID ↓ KID ↓ Precision ↑

Recall ↑ diversity ↑

non skel.-aware 23.0±0.3 0.17±0.02
0.46±0.01

0.41±0.01
13±0.08

joint loc.
rather than rot. 17.3±0.06 0.2±0.03

0.46±0.02

0.58±0.01
14.0±0.3

pool rather than
conv. scaler 14.9±0.7 0.16±0.02

0.49±0.010.49±0.010.49±0.01

0.58±0.03
15.3±0.02

remove one
in-place conv.
per hierarchy

14.1±1.4 0.15±0.02
0.46±0.02

0.66±0.1
15.4±0.915.4±0.915.4±0.9

final architecture 11.5±0.911.5±0.911.5±0.9 0.1±0.010.1±0.010.1±0.01
0.46±0.02

0.69±0.020.69±0.020.69±0.02
15.4±0.215.4±0.215.4±0.2

Table 2: Quantitative results for various generator designs,
on the Mixamo dataset. Best scores are emphasised in bold.

a non skeleton-aware architecture. That is, when represent-
ing motion by pseudo images. The drawbacks of pseudo-
images are detailed in Section 2. In the second study, we use
joint locations rather than rotations. In the appendix we de-
scribe why generating rotations is better than generating lo-
cations. Our third study refrains from using our new convo-
lutional scaler, and uses skeleton-aware pooling (Aberman
et al. 2020a), testifying that our new filter improves the re-
sults. Next, we check what happens when removing one in-
place convolution from each hierarchical layer. Finally, we
measure the scores for our final architecture, and conclude
that our architectural choices outperform other alternatives.

Since our training and evaluation incarcerate randomness
(e.g., initialization,stochastic gradient decent, noise sam-
pling, etc.), we have ran every training configuration 3 times,
and every evaluation (per training) 5 times. The numbers in
Table 2 depict the mean and standard deviation of all the
evaluations, formed mean±std.

6 Conclusion
One of the most fascinating phenomena of deep learning is
that it can gain knowledge, and eve learn semantics, from
unsupervised data. In this work, we have presented a deep
neural architecture that learns motion prior in a completely
unsupervised setting. The main challenge has been to learn
a generic prior from a diverse, unstructured and unlabeled
motion dataset. This necessarily requires a careful design
of a neural architecture to process the unlabeled data. We
have presented MoDi, an architecture that distills a power-
ful, well-behaved latent space, which then facilitates down-
stream latent-based motion manipulations.

Like any data-driven method, the quality of the general-
ization power of MoDi is a direct function of the training
data, which, at least compared to image datasets, is still lack-
ing. Another limitation is that skeleton-aware kernels, with
dedicated kernels per joint, occupy large volumes, resulting
in relatively large running time.

A challenging research direction is to enable learning mo-
tion priors from videos. Building upon networks like MoDi,
with inductive bias, may open the way towards it.
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Appendix
A Outline

This Appendix adds details on top of the ones given in the
main paper. While the main paper stands on its own, the de-
tails given here may shed more light. The majority of this
Supplementary recaps non-novel algorithmic elements that
are used by our work.

In Appendix B we provide more details regarding our
model; considerations that led us to choosing edge rotation
representation, description of skeleton aware models in cur-
rent works, and more details on the StyleGAN architecture.
Appendix C describes theW+ space used for inversion, and
the computation of the gral score, used for latent motion
editing. Lastly, in Appendix D we elaborate on our experi-
ments; We describe the datasets that we use, provide imple-
mentation details such as hyper-parameters, detail metrics
and show additional qualitative results.

B Model – Additional Details
B.1 Motion Representation Considerations
Some methods generate a sequence of 3D poses (Degardin
et al. 2022), where each location is specified by the 3D coor-
dinates of each joint. However, the resulting representation
is incomplete, since it does not reflect a rotation of a bone
around its own axis. In particular, it does not contain all the
information necessary to drive a rigged virtual 3D character,
and the temporal consistency of the skeleton’s bone lengths
is not guaranteed. While joint rotations may be recovered
from joint positions via inverse kinematics (IK), the solution
is not unique, and thus ill-posed. Furthermore, models that
predict positions tend to yield a temporally jittery output,
and require a post processing smoothing stage. Due to these
considerations, we follow numerous recent works that are
based on joint rotation representation (Maheshwari, Gupta,
and Sarvadevabhatla 2022; Li et al. 2022; Tevet et al. 2022).
The motion generated by MoDi can be directly converted
into an animation sequence without the need to apply nei-
ther IK nor temporal smoothing.

Our network is trained on a single set of bone lengths.
Once a motion is generated, it can be retargeted to any other
set of bone lengths using existing motion retargeting meth-
ods (Aberman et al. 2020a,b; Biswas et al. 2021).

B.2 Structure-aware Neural Modules –
Additional Details

In this section we describe skeleton aware neural mod-
ules from current works, for information completeness. The
modules described here are skeletal in-place convolution and
skeletal pooling (Degardin et al. 2022; Yu et al. 2020; Yan
et al. 2019; Aberman et al. 2020a). In our work we cre-
ate a 3D version of the skeletal in-place convolutional filter,
and replace the skeletal pooling by our novel convolutional
scaler filter.

In Figure 11 we show a skeletal pooling procedure. Pool-
ing is done by averaging the features of two entities, hence,
it is equivalent to a convolution with weights of 0.5. Our new
filter applies a convolution with learned weights, generaliz-
ing the pooling functionality, and allowing the network the
freedom to choose the optimal weights.



Figure 11: Skeletal pooling, not used by MoDi. The pool-
ing operation merges two adjacent edges and removes the
joint between them. The unpooling operation splits an edge
into two, and adds a joint between the newly created edges.
We denote skeletal hierarchy levels with `, `+ 1, `+ 2, and
demonstrate pooling and unpooling on selected joints in or-
ange (levels `, `+ 1), and in green (levels `+ 1, `+ 2).

Figure 12: Our 3D version of a skeleton-aware in-place con-
volutional filter. Each horizontal slice (xy plane) is related
to one entity in the input character (left), and each vertical
slice (xz plane) is related to one entity in the output char-
acter (right). Each entity in the output character “sees” only
weights related to its neighboring entities, emphasised with
saturated colors in the filter. We demonstrate convolutions
on the left thigh and on the left forearm, marked yellow in
the output character. Note that each of these entities is af-
fected by its immediate neighbors and ignores entities that
do not neighbor it. Our filter is 5D and since we can only
visualize 3D, we omit the channels. Recall that E, `, and U
denote the number of entities, the hierarchical level index,
and the kernel width, respectively.

In Figure 12 we depict our 3D version of a skeleton-aware
convolutional filter. Unlike our novel convolutional scaler
filter, this filter is an in-place one, which means it retains
the dimensions of its input, and cannot scale it.
Motivation for using 3D convolutions Current works use
2D and even 1D in-place skeletal convolutions, where they
combine the joints and the channels into the same dimen-
sion. Such a combination is not intuitive and moreover,
it introduces complications when using modulation, since
the style (i.e., new standard deviation) is injected to each
channel separately (see Appendix B.3). By using 3D con-
volutions we place the channels in their own dedicated di-
mension (as done in most neural architectures), so modula-
tion becomes simple. Skeleton aware convolutions in cur-
rent works are done with 3D filters of dimensions (K`+1 ·
E`+1)×(K` ·E`)×U , while MoDi uses 5D filters of dimen-
sions K`+1×K`×E`+1×E`×U . Recall that E, T , `, and U
denote the number of entities, frames, the hierarchical level
index, and the kernel width, respectively.

B.3 Network Architecture in Detail
In this section we provide further details regarding the archi-
tectural building blocks of MoDi. Some of the description is
based on StyleGAN (Karras et al. 2020) and is given here
for information completeness.

Generator In Figure 13 we show additional details related
to the motion generator. In particular, we depict the usage of
modulation and demodulation (Karras et al. 2020), which
has been shown to be safer compared to AdaIN (Huang and
Belongie 2017) in terms of certain artefacts. The AdaIN
block processes data, namely normalizes it and applies
a new standard deviation. The modulation/demodulation
block performs an equivalent (in expectation) operation on
the weights. Let u denote a weight value within a filter, and
let i, j and k denote the input channel index, output channel
index, and filter spatial index, respectively. Instead of mul-
tiplying the data by a new standard deviation, we modulate
the weights:

u′ijk = si · uijk, (10)

and instead of normalizing the data, we demodulate the
weights:

u′′ijk = u′ijk

/√∑
i,k

u′ijk
2. (11)

Discriminator Our discriminator, as well as its role in the
training procedure, is depicted in Figure 14. Our discrimina-
tor holds the reverse architecture of the synthesis network.
That is, it receives a generated or real motion, and processes
it in neural blocks that gradually decrease in size. Like the
motion synthesis network, our discriminator is based on
structure-aware neural modules. In each hierarchical level,
the skeletal topology becomes coarser using skeletal convo-
lutions.

C Applications – Additional Details
C.1 Inversion – Description ofW+
Our inversion method uses theW+ space.W+ is proposed
by Abdal, Qin, and Wonka (2019). A tensor inW+ is a con-



Figure 13: Our motion generator in detail. (a) Adding style injection information to Figure 4 from the main paper. A denotes
a learned affine transformation. This transformation is applied on the latent code w to produce a style code S`, where ` is the
hierarchical level index. A different style code is injected to each layer. (b) Zoom in on the mapping network, which is an MLP
with several linear layers. (c) Zoom in on the motion synthesis network, where a style code S modulates the layer’s weight. The
styled weight is then used for a transposed convolution of the layer features. Recall that R`, P` and F` denote the features in
level ` of rotations, root positions and foot contact labels, respectively. A transposed skeletal convolution applies the modulated
weights on the data features from the previous (coarser) hierarchical level. Since the convolution is transposed, it results with
larger dimensions, both in the temporal axis and in the joints axis.



Figure 14: Our discriminator holds the reverse architecture
of the synthesis network. It receives a generated or real mo-
tion, and learns to output whether the input motion is real
of fake. Using structure-aware neural modules, in each hier-
archical level the skeletal topology becomes coarser and the
number of frames is divided by 2.

catenation of several different w ∈ W vectors, one for each
layer of the synthesis network. Each vector in W+ is used
as a modulation input to a different layer. On the other hand,
when usingW , the same w vector is used for all layers. Ab-
dal, Qin, and Wonka (2019) show thatW is limited and an
inversion from arbitrary images is much more accurate when
usingW+. In our experiments we have realized that this ap-
proach works for the motion domain as well.

C.2 Computing the gral score
Our classifier computes the gral (gradual right arm lifting)
score in the following way. Let m = [R,S, F ] be a se-
lected motion. Recall R represents the rotation angles of
the motion. Let Rrs,t and Rre,t denote the rotations of the
right shoulder and the right elbow at time t, respectively. Let
[Rrs,t, ..., Rrs,t+8] be a temporal window of size 8. A simi-
lar window is created forRre. We compute the average angle
in each window, and slide the window with stride of 4. Alto-
gether we get the average computed T/4 times for both the
right shoulder and the right elbow. Denote the sequence of
average angles by αrs and αre. The next step is to compute
the difference between each element to the one preceding it,
and obtain

scorersi =
{
1, if αrsi > αrsi−1

0, otherwise , (12)

scorerei =
{
1, if αrei > αrei−1

0, otherwise , (13)

where i ∈ [1, T/4− 1].
Clearly, if all scores are one, the arm is going up, and

if they are all zero, the arm is going down. The average of
all the values in the two score vectors is used as the final
attribute score.

D Experiments – Additional Details
D.1 Datasets
Mixamo – training and evaluation We construct our 3D
motion dataset using the Mixamo (Adobe Systems Inc.
2021) 3D animation collection, which contains approxi-
mately 2500 extremely diverse motions that are not con-
strained by any set of categories. These motions are applied
on 70 characters. Examples of the motions in the dataset

Name Hierarchy
level channels × joints × frames

Generator - 0 256 × 1 × 4
Motion Synth. Net. 1 128 × 2 × 8

2 64 × 7 × 16
3 64 × 12 × 32
4 32 × 20 × 64

Discriminator 0 32 × 20 × 64
1 64 × 12 × 32
2 64 × 7 × 16
3 128 × 2 × 8
4 256 × 1 × 4

Table 3: Architecture: Dimensions of all hierarchy levels.

Name Neural building blocks

Generator - Skeletal Conv. Scaler (upsample)
Motion Synth. Net. Skeletal Conv. (in-place)

Skeletal Convl (in-place)

Discriminator Skeletal Conv. (in-place)
Skeletal Conv. (in-place)

Skeletal Conv. Scaler (downsample)
Add Residual

Table 4: Architecture: Building blocks in hierarchical levels.
Skeletal operators are based on (Aberman et al. 2020a).

are elementary actions (jumping, walking), dance moves
(samba, hip-hop), martial arts (boxing, capoeira), acrobat-
ics (back/front flips, acrobatic jumps), and non-standard mo-
tions (running on a wall, flying).

We generate our data samples by first extracting the rel-
evant edges from each motion (e.g., we drop the fingers).
Then we crop each motion to partially overlapping se-
quences of frames, hence increasing the amount of data.
HumanAct12 – evaluation HumanAct12 (Guo et al. 2020)
is not as diverse as Mixamo, and offers approximately 1200
motion clips, organized into 12 action categories and 34 sub-
categories. Due to its small number of motions, we use Hu-
manAct12 for quantitative comparison only.

D.2 Hyper-parameters and Training Details
In this section, we describe the details for the network archi-
tectures. Table 3 describes the architecture of our generator
and discriminator networks. The sizes of the kernels are con-
figurable by hyper-parameters, and in the table we specify
which hyper-parameters we have used for our best model.
Note that the number of joints varies according to the topol-
ogy of the skeleton on which the network is trained. The val-
ues in Table 3 belong to the skeleton used by the model pre-
sented in this work. The structure of each hierarchical level
in our generator and discriminator is described in Table 4.
A hierarchy level in the motion synthesis network contains
input/output skips, and a hierarchy level in the discriminator
contains a residual skip, both based on Karras et al. (2020).

In our experiments, we use λfcon = 1, λtouch = 0.01,
batch size 16, learning rate 0.002 for both generator and
discriminator, mixing 0.9, and train for 80,000 iterations.



Figure 15: Qualitative results of synthesised jumps and wild dances. See more results in the supplementary video.

We use pytorch version 1.5.0, and CUDA version 10.1 on
a GeForce GTX 1080 Ti GPU.

D.3 Quantitative Metrics
We briefly describe each metric that we use for quantitative
results.

FID Frèchet inception distance is the distance between the
feature distribution of generated motions and that of the real
motions, namely the difference in mean and variance. De-
spite its simplicity, FID is an important metric widely used
to evaluate the overall quality of generated motions (Guo
et al. 2020; Petrovich, Black, and Varol 2021). FID is bor-
rowed from the image domain, where the inception network
is used for features. To adjust this metric to the motion do-
main, we replace the inception by an action recognition net-
work. A lower value implies better FID results.

KID Kernel Inception Distance (KID), proposed by
Bińkowski et al. (2018), compares skewness as well as the
values compared in FID, namely mean and variance. KID is
known to work better for small and medium size datasets.
Lower values are better.

Precision and Recall These measures are adopted from
the discriminative domain to the generative domain (Sajjadi
et al. 2018). Precision measures the probability that a ran-
domly generated motion falls within the support of the distri-
bution of real images, and is closely related with fidelity. Re-

call measures the probability that a real motion falls within
the support of the distribution of generated images, and is
closely related with diversity. Higher precision and recall
values imply better results.

Diversity This metric measures the variance of generated
motions (Guo et al. 2020; Petrovich, Black, and Varol 2021).
In the context of action recognition models, it measures the
variance across all action categories, and therefore it suits an
unconstrained generator. The diversity value is considered
good if it is close to the diversity of the ground truth. In
all our experiments, the diversity of the generated data was
lower than the ground truth, so for clarity we mark it with an
upwards pointing arrow, implying that for our case, higher
is better.

D.4 Additional Qualitative Results
In Figure 15 we show additional qualitative results. The
reader is encouraged to watch the supplementary video in
order to get the full impression of our results.
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