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Abstract

We propose a new representation of human body mo-
tion which encodes a full motion in a sequence of latent
motion primitives. Recently, task generic motion pri-
ors have been introduced and propose a coherent rep-
resentation of human motion based on a single latent
code, with encouraging results for many tasks. Extend-
ing these methods to longer motion with various dura-
tion and framerate is all but straightforward as one la-
tent code proves inefficient to encode longer term vari-
ability. Our hypothesis is that long motions are better
represented as a succession of actions than in a single
block. By leveraging a sequence-to-sequence architec-
ture, we propose a model that simultaneously learns a
temporal segmentation of motion and a prior on the
motion segments. To provide flexibility with temporal
resolution and motion duration, our representation is
continuous in time and can be queried for any times-
tamp. We show experimentally that our method leads to
a significant improvement over state-of-the-art motion
priors on a spatio-temporal completion task on sparse
pointclouds.

1. Introduction
3D human body motion modelling is an underlying

issue in many computer vision and graphics problems
like 3D pose estimation, 4D completion from sparse in-
puts, character animation or motion generation. These
ill-posed problems often require prior knowledge on hu-
man motion to generate plausible solutions. Recently,
several works have proposed to learn task generic pri-
ors of 3D human body motion by capturing informa-
tion about pose changes over time [25, 11, 15] which
have shown great performances on many applications.
We propose to improve on two aspect of these repre-
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sentations. First, we propose more flexibility in tem-
poral resolution and motion duration, which makes our
method easier to use as it does not need to be retrained
from scratch for new inputs. Second, the reconstruc-
tion quality of existing priors tends to degrade quickly
when considering longer motions. Combining temporal
segments help to alleviate this degradation, but discon-
tinuities in motion can appear due to motion averag-
ing or normalization. To improve on this aspect, we
learn a latent space on temporal segments jointly with
segmentation parameters that allow for smooth transi-
tions. This allows us to model a large variety of motion
without restriction.

Our hypothesis is that motion is better represented
as a sequence of latent primitives than in a single one.
Making an analogy between actions and latent primi-
tives, in a dataset of x different actions, a motion prior
needs xy different latent codes to represent all possible
y element sequences of actions while a sequential mo-
tion prior requires only x latent codes. As y increases
with longer motions, the number of latent codes grows
exponentially with motion duration for classical motion
priors but remains constant in a sequential representa-
tion.

Our model leverages a sequence-to-sequence
(seq2seq) architecture that is flexible w.r.t. the se-
quence length of the input and allows to directly
encode the motion into a sequence of latent primitives.
We then decode the sequence of latent primitives using
a decoder implicit in time that outputs a parametric
3D human body model for any given time instant.

We show that this sequential prior has better gener-
alization capacity than a baseline using a single latent
code on a synthetic dataset. Additionally, we show that
our method generalizes to motion duration outside the
training set, and provides state-of-the-art results for a
spatio-temporal completion task on sparse unordered
point cloud from data acquired in a multi-view studio.

In summary, our main contributions are



• A novel motion representation using a sequence of
latent primitives.

• An implicit representation of the temporal dimen-
sion allowing for flexible temporal resolution.

• An ablation and a comparative study showing sig-
nificant improvement w.r.t. existing motion priors.

2. Related Work
Human motion has extensively been studied in dis-

ciplines including computer vision, animation, percep-
tion, and human-computer interaction with a variety of
goals. We focus our review on works that propose mo-
tion priors for 3D human motion data densely captured
in space and time.

First such models have focused on motion as a se-
quence of static poses. For instance, when generating
dense human motion from sparse MoCap [2, 12, 14, 5]
or from 2D video data [8, 26], these works use per
frame input marker points or 2D images as input to
reconstruct dense 4D motion data. In this way, a sta-
tistical human body model has been fitted to a corpus
of motion, providing the community access to a large
4D dataset, which we leverage in our work [14].

Recently, there has been a surge of interest for data
driven motion priors, with first approaches focusing on
a few motion sequences or multiple sequences of the
same actor [1, 3, 20, 21].

Following these works, there were attempts at gen-
eralizing to different body shapes and larger variety of
motion. One line of work focuses on implicit spatio-
temporal representations [16, 23], with the advantage
of being flexible w.r.t. spatial and temporal sampling
of the input data. These works have been specialized
to human motions [6, 7], but as they do not reduce the
spatial dimensionality of the input, they are restricted
to small temporal spans.

Another line of work closer to ours uses spatially
aligned data, where the input is aligned on a statisti-
cal human body model. These works focus mostly on
skeletal motion, which has a low dimensionality, and
allows to represent longer temporal spans. Some pri-
ors were presented in a task specific setting, e.g. 3D
pose estimation from monocular video [9, 27] or mo-
tion generation [22, 18, 4]. Two of these methods con-
sider problems that are different from ours, but present
ideas that inspired our work. Ghorbani et al. [4] syn-
thesize motion variations by subdividing long motions
into smaller segments. Subdividing motion into seg-
ments is an idea which we leverage in our work. Petro-
vich et al. [18] synthesize motions of a specific given
action, and explicitly model the duration of a motion.

Figure 1. Method overview. Architecture consists of a
seq2seq encoder (blue) that maps a human motion sequence
into a sequence of latent primitives z1, . . . , zm, and a tempo-
rally implicit decoder (grey block) that decodes z1, . . . , zm

and a series of timestamps τ1, . . . , τn into a n-element se-
quence of parametric human body models.

We also explicitly model segment duration in our ap-
proach.

Finally some priors were presented as task
generic [11, 25, 15] with encouraging results on dif-
ferent tasks with a single model. Closest to our work,
these priors focus on encoding motion in a latent space
and show that this representation can be leveraged in
tasks such as 3D pose estimation or 4D motion comple-
tion. To encode motion, these methods either consider
motion of fixed duration and framerate [11, 25] or tem-
porally aligned motion using a dynamic time warping
criterion [15]. These priors can model up to 3s mo-
tion when considering global displacement [15] and 4s
motion without considering global displacement [25],
but they do not generalize easily to longer motion se-
quences. We show experimentally that our approach
outperforms two of these methods for the task of mo-
tion completion [11, 25]; the third method [15] is lim-
ited to motions performing a cyclic hip motion and
cannot be applied in our scenario of various motion.

3. Overview
Figure 1 provides a visual overview of our method.

We use a data driven approach to learn our motion
representation. To deal with the high dimensionality of
the spatio-temporal data used for training, we leverage
a low-dimensional representation for each frame based
on a human body model.

Given as input a sequence of human motion with
variable duration and number of frames, our goal is
to encode the input directly in a sequence of latent
primitives. To address this sequence to sequence prob-
lem, we choose the transformer architecture [24]. This
choice was guided by the transformer capability to bet-



ter retain long term correlations than its recurrent net-
work counterparts.

To generate coherent output motions at arbitrary
temporal resolution, we decode each latent primitive
independently in a temporally implicit way, thereby
converting the latent sequence to a sequence of para-
metric human body models for any given time in-
stant. Decoding the primitives independently allows
the model to build a single common latent space of
motion. We want the model to allocate each primi-
tive to a temporal segment of the motion, without re-
quiring handcrafted segmentation parameters, so the
per-primitive outputs are combined using a weighted
average computed using temporal masks. The tempo-
ral masks ensure that each primitive is allocated to a
continuous temporal window of the input motion.

The model is trained as a conditional variational
autoencoder (CVAE) using the shape conditioning pro-
posed in prior works [15] to retain correlations between
body shape and motion.

4. Method
This section provides a formal description of the rep-

resentation and architecture proposed to learn a se-
quence of latent primitives that represent human mo-
tion of variable duration, and provides details on the
training.

4.1. 4D sequence representation

We are interested in modelling a large variety of mo-
tions performed by different subjects. To do so, we
leverage the AMASS dataset [14]. AMASS is an ag-
gregation of multiple synthetic motion capture data for
which a parametric body model is provided.

We consider body shape to remain constant over
time, which allows to represent a motion sequence us-
ing a set of body shape parameters β, the joint rota-
tions of a skeleton θ(τ), and a 3D coordinate vector
characterizing the displacement of the root joint γ(τ),
where τ is the parameter controlling time. For our im-
plementation, we use the SMPL body model [13] pro-
vided with the dataset. More details are given in 5.1.

We call M(θ(τ), γ(τ), β) the function that outputs
the template aligned mesh corresponding to the para-
metric representation θ(τ), γ(τ), β. A discretized mo-
tion sequence consisting of n frames is then character-
ized by the sequence {M(θ(τi), γ(τi), β), τi}n

i=1, where
τi are the time stamps corresponding to the meshes.

4.2. Transformer encoder

We represent a 4D human motion sequence using
two independent factors: a sequence of m latent prim-
itives {zi}m

i=0, and body shape β. To allow for flexible

Figure 2. Encoder mapping an input sequence into a se-
quence of latent motion primitives z1, . . . , zm. The embed-
ding is a one layer perceptron. Time stamps τi are added
as positional encoding. Transformer outputs a sequence la-
tent distributions µi, σi from which zi are sampled using
the reparametrization trick (RT).

duration and frame rates, we allow an arbitrary num-
ber of input frames per sequence. The latent primitives
are obtained by a transformer encoder that maps an in-
put sequence to a sequence of latent primitives. The
transformer block of the encoder operates on a reduced
embedding representation of the input frames and is
similar to the original transformer [24] that was used
for language translation. The encoder architecture is
shown in Figure 2.

The difference between language translation and our
setting is that we do not have ground truth for the la-
tent primitives. To learn this part in an unsupervised
setting, we fix the number m of latent primitives but
retain temporal flexibility by learning the duration δi of
each motion primitive using a differentiable cost func-
tion.

The encoder considers a sequence of parameters
{θ(τi), γ(τi), τi}n

i=1. To adjust the dimensionality of
this representation, for each frame θ(τi), γ(τi) are
passed through one perceptron layer, and τi is subse-
quently concatenated to this representation. Note that
the perceptrons applied to all frames share weights.

The output sequences of the transformer encoder are
interpreted as a sequence of Gausssian distributions de-
fined by a sequence of means and standard deviations
{µi, σi}m

i=1 from which the latent primitives {zi}m
i=1 are

sampled using Gaussian noise ϵ ∼ N (0, I) such that
zi = µi + ϵσi. This is similar to the interpretation of
latent spaces of VAEs and known to allow for general-
ization.

4.3. Temporally implicit decoder

Our decoder operates in two stages by first decod-
ing individual latent primitives and by subsequently
combining them. This allows learning a motion prior
on the latent primitives which each characterize a mo-



  

  

  

Figure 3. Implicit decoder. Given a sequence of m latent
primitives zi, a body shape β and a sequence of n time-
stamps τj , the decoder outputs a sequence of body meshes
parameterized by β, θ, γ. The zi are decoded independently
into segment parameters that include duration δi and a
rigid transformation ρi, and subsequently combined to de-
code a dense 4D motion.

tion segment, while still enforcing coherence between
neighboring segments. The architecture of the implicit
decoder is shown in Figure 3.

Primitive decoding First, given a body shape β,
the latent primitives are decoded individually using an
implicit primitive decoder D(zi, β, τ) that outputs per-
segment motion parameterized by θi(τ), γi(τ), its du-
ration δi and a rigid transformation ρi. θi(τ) and γi(τ)
characterize the global motion on the temporal segment
[∆i, ∆i + δi], where ∆i =

∑
j<i δj . This ensures that

each latent primitive encodes information of a contin-
uous temporal segment of the input motion. For in-
variance w.r.t. the initial orientation and displacement
of a segment, D also outputs a rigid transformation
ρi which is used as a transition from segment space
to input space. The architecture of D consists of two
MLPs. The first MLP outputs per segment parametric
representation θi(τ),γi(τ). The second MLP does not
consider time and outputs the per segment parameters
ρi and δi.

Primitive combination To combine the segment
representations into motion θ(τ), γ(τ), a weighted av-
erage of the per-segment representations using tempo-
ral masks is computed. For each primitive, the cor-

responding Gaussian mask is Gi(τ) = e
−

(
τ−

(∆i+δi)
2 )

δi/2

)2

such that:

θ(τ) =
∑

i Gi(τ)(ρi ∗ θi(τ))∑
i Gi(τ) , (1)

γ(τ) =
∑

i Gi(τ)(ρi ∗ γi(τ))∑
i Gi(τ) . (2)

We denote by ρi ∗ θi(τ) and ρi ∗ γi(τ) the operation
of applying the rigid transformation ρi to the corre-
sponding body model parameters. This transformation

consists of rotating the root joint for parameters θ, and
rotating and translating the global displacements γ.

The temporally implicit nature of D alleviates the
problem of averaging segments that may not be tem-
porally aligned according to a predefined frame rate.
The averaging of rotations is done in 6D representa-
tion space [28]. This qualitatively leads to naturally
combined results.

4.4. Training

The model is trained in a variational autoen-
coder setting with a reconstruction loss, and a Kull-
back–Leibler (KL) divergence loss to constrain the
prior distribution to a normal distribution. We also
added a regularization loss on the segment duration for
faster convergence and to prevent local minima. The
total loss is

L = Lrec + λKLLKL + λregLreg, (3)

where

Lrec = Lglobal + Lsegment, (4)

LKL = 1
m

m∑
j=1

KL(N (µj , σj), N (0, I)), (5)

Lreg =
m∑

j=1
(δj − 1/m)2. (6)

The reconstruction loss is divided into two terms. The
first term Lglobal acts as a global reconstruction term
between the input and the reconstructed output, in-
cluding both a per vertex distance to capture fine de-
tails and a distance in the parametric representation.

Lglobal = 1
n

n∑
i=1

(∣∣∣∣∣∣θ(τi)−θGT (τi)
∣∣∣∣∣∣2

+
∣∣∣∣∣∣γ(τi)−γGT (τi)

∣∣∣∣∣∣2

+ λ3D

∣∣∣∣∣∣M(τi) − MGT (τi)
∣∣∣∣∣∣2

)
(7)

with ||.|| the L2-norm, θGT , γGT the ground truth body
model parameters and λ3D a weighting coefficient that
controls the relative influence of the per vertex dis-
tance.

The second term Lsegment acts as a per segment re-
construction loss, which guarantees that each segment
represents a realistic motion and allows for realistic re-
constructions where segments are overlapping.

Lsegment = 1
mn

n∑
i=1

m∑
j=1

Gj(τi)
∣∣∣∣∣∣ρj ∗ θj(τi) − θGT (τi)

∣∣∣∣∣∣2

+ 1
mn

n∑
i=1

m∑
j=1

Gj(γi)
∣∣∣∣∣∣ρj ∗ γj(τi) − γGT (τi)

∣∣∣∣∣∣2
(8)



5. Evaluation of the motion prior
We start by outlining the implementation and data used

to build our model. To evaluate the motion prior, we test
the generalization to sequences of duration outside of the
training set, evaluate the influence of the sequential latent
representation, and the segmentation learning. Finally, we
leverage our prior on a spatio-temporal completion task to
evaluate its benefits against state of the art motion priors.
More qualitative results are provided in supplementary ma-
terial.

5.1. Implementation and data
Implementation details Our method is implemented

using pytorch and the Adam optimizer is used for opti-
mization. SMPL represents a static body by 22 skeleton
joints and 16 body shape parameters. We discard the foot
joints which have constant rotation in AMASS, which re-
sults in 20 skeleton joints. Each joint is represented in
6D using its relative rotation to its parent joint [28]. For
body shape, we use the first 8 shape components. While
our method is flexible w.r.t. the number of input frames
n, we fix n = 100 for training and train on motions of
3 − 5s by randomly sampling subsequences from the train-
ing set. During training, global displacements are normal-
ized to [−1, 1] for each direction and timestamps are scaled
to [0, 1]. Unless stated otherwise, we set m = 8 and each
latent vector has dimension D = 256. When training the
motion prior, we initially use a learning rate of 1e-4, which
is reduced to 1e-5 after 20 epochs without improvement
of the training loss, and further decreased to 1e-6 after 20
more epochs without improvement. This is done using the
plateau scheduler of pytorch. During the training phase
we use λKL = 0.0001,λreg = 0.01 and set λ3D = 0 for
the first 500 epochs because the 3D term slows down train-
ing significantly. Once we obtain good convergence after
500 epochs, we set λ3D = 1 for 500 epochs. This signif-
icantly increases the pressure on trajectory reconstruction
and gives a hierarchical importance to the joints, greatly
reducing the reconstruction error in mm. We use a batch
size of 16. The training phase takes between 1 and 2 days
on a Geforce RTX 2080Ti with 12GB RAM.

Data splits AMASS [14] is a collection of different
datasets parameterized by SMPL that contains a variety
of motions and body shapes. We leave some collections of
this dataset for validation ensuring that all experiment are
evaluated on unseen motions and unseen body shapes.

5.2. Generalization
Our model is learned using sequences with duration

3 − 5s and m = 8 latent primitives. We analyze how well
this model generalizes to sequences of different duration by
applying it to duration 0.2−8s. To process sequences longer
than 5s with our method, they are virtually accelerated by
scaling the timestamps to [0, 1]. We perform a forward
pass on test sequences of different duration and consider
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Figure 4. Generalization to sequence duration outside train-
ing set (for training, duration of 3 − 5s). Blue line shows
evolution of MPJPE (lower is better) of our method for
different sequence duration.

the mean per joint position error (MPJPE) between input
and output joints, which is a standard metric introduced
in [9]. This error is averaged over the sequence. Figure 4
shows the evolution of MPJPE for different sequence du-
ration. Our model generalizes well to sequences of shorter
duration than those used during training, and the error de-
grades gracefully for sequences of longer duration.

5.3. Sequential latent representation
To evaluate the value of learning a sequence of latent

primitives instead of a single latent vector, we compare
our method to a baseline result when setting m = 1. To
compare the same total number of latent dimensions, we
consider two models in this experiment: one trained with
m = 4 where each segment has D = 256 latent dimensions
and one with m = 1 and D = 1024. For evaluation, we con-
sider the same generalization plot to sequences of different
duration as before. Note that m is reduced in this setting
for practical reasons as training for m = 1 with high latent
dimension is costly. Figure 5 shows that m = 4, D = 256
leads to significantly lower MPJPE than m = 1, D = 1024
and generalizes significantly better to sequences of differ-
ent duration. This shows that a sequential representation
better generalizes to varying motions and duration.

5.4. Segmentation learning
To evaluate the influence of learning segment durations,

we compare our method to a baseline trained with fixed seg-
mentation parameters δi = 1/m. As in the previous exper-
iment, we set m = 4, D = 256 for both models and consider
the generalization plot to sequences of different duration.
Figure 5 shows that the differences between the two models
are minor. Allowing for flexible segments slightly degrades
performance for longer sequences; the virtual acceleration
of sequences is more detrimental to the model when learning
the segmentation parameters as they are more heavily influ-
enced by timestamp variations. However, flexible segments
slightly improve the model performance in the training in-
terval.

5.5. Comparative evaluation
We now provide a comparative evaluation on the task of

spatio-temporal motion completion w.r.t. a strong baseline
based on a static parametric human body model and two
recent state of the art motion priors [25, 11]. A common
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Figure 5. Value of using sequences of latent primitives and
flexible segmentation. Lines show evolution of MPJPE
(lower is better) of our method for different sequence dura-
tion (3 − 5s sequences used for training). Note that using
latent sequences with flexible segmentation m = 4, D = 256
performs best in training interval and generalizes well.

task to evaluate that motion prior learnt a space of plausible
human motion is to perform data completion from sparse
4D inputs by optimizing a latent representation. As most
existing methods cannot process sequences of arbitrary du-
ration, our evaluation focuses on how well the methods per-
form when the input signals are degraded spatially and/or
temporally for a given duration. In this experiment, we
consider unordered pointcloud inputs at increasingly sparse
spatial and temporal resolutions.

Evaluation protocol To prevent any biases from hav-
ing learned on AMASS, all comparative evaluations are per-
formed on a multi-view test set, which was acquired by a
multi-view camera system at 50 frames per second and for
which no parametric representation is available. The dense
per-frame pointclouds of roughly 10, 000 points were ob-
tained by a multi-view stereo method [10]. The data con-
sists of 4 subjects (2 males, 2 females) performing different
motions including boxing, kicking, sidestepping and various
types of walking and running and one cartwheel sequence.
In total, 170 motion sequences are used for testing. To eval-
uate the robustness of the methods w.r.t. degraded input
signals, we downsample the pointcloud sequences spatially
to 100 and 1000 points per frame, and temporally to 5 and
10 fps. For each experiment, we reconstruct coherent 4D
sequences at 30 fps which is the proposed framerate in [25]
and [11] and evaluate the error by the mean Chamfer dis-
tance over all frames of all test sequences. As the closest
state of the art methods consider sequences of fixed dura-
tion (4s and 2s, respectively), we perform our evaluation
of sequences of duration 4s, optimizing two latent vectors
for [11]. All comparisons are based on code and pre-trained
models provided with the respective publications.

Parametric baseline VPoser+SLERP The first
baseline relies on the state of the art static pose prior
VPoser [17]. In this approach, a latent pose representa-
tion is output per frame. As the global displacement is
not encoded in VPoser, we additionally optimize per frame
displacement. To increase the temporal resolution, we lin-
early interpolate between observed frames for displacement
and using spherical linear interpolations (SLERP) for body
pose rotations. We call this baseline VPoser+SLERP in the

following.
Motion prior with frequency guidance [25] We

compare to two parametric human motion priors. The first
one uses frequency guidance and was trained for motions of
fixed duration (4s) at 30 fps. This prior does not encode
global displacements, so we optimize them per input frame
and interpolate linearly for the remaining frames.

Hierarchical motion prior [11] The second paramet-
ric prior uses a hierarchical approach to encode motions of
fixed duration (2s) at 30 fps. As we consider sequences of
4s in our comparisons, we optimize for two segments by
using two non-overlapping sliding windows of 2s.

Latent optimization Given a sequence of sparse point-
clouds {Pi(τi), τi}n

i=1 we optimize for a latent representa-
tion {{zj}m

j=1, β}n
i=1 that best explains the observation. To

initialize the latent representation, we randomly sample
from the prior distribution in latent space for Xu et al.
[25], Li et al. [11] and VPOSER+SLERP.

For our method, a sequence characterizing a plausible
motion cannot be initialized by independently sampling
from the latent prior per latent primitive. Therefore, we
use an initialization encoder which is trained as a map-
ping function from point cloud sequences to the sequential
latent space. This initialization encoder is trained using
pointcloud representations of the AMASS sequences. The
initialization encoder has a similar architecture to the en-
coder network of our model shown in Figure 2 but the em-
bedding layer has been replaced by a PointNet [19]. We use
the output of this pointcloud encoder as initialization.

Then we solve for argmin
{zj }m

j=1,β

(Lcomp) with:

Lcomp = Lchamfer(M(D({zj}m
j=1, β, τi), Pi(τi))

+λpriorLprior({zj}m
j=1), (9)

where Lchamfer is the average Chamfer distance between
input pointclouds and the vertices of the output meshes.
Lprior constrains the latent primitives to stay in the la-
tent distribution. For Xu et al. [25], Li et al. [11] and
VPOSER+SLERP, it constrains the latent representation
to stay close to the origin. In our method it constrains the
latent representation to stay close to its initialization. We
set λprior = 0.01 for all methods.

Results and discussion Table 1 reports the results
obtained when completing from 5 and 10fps motion to a

# points per frame 100 1000 10000
Input fps 5 10 5 10 5 10

VPoser+SLERP 27 25 24 20 24 20
Xu et al. [25] 28 26 26 24 26 24
Li et al. [11] 83 79 52 48 42 40

Ours 21 17 17 13 17 13

Table 1. Comparison to state of the art using average Cham-
fer distance (mm) (lower is better). Motion completion
from different spatial (# points) and temporal (fps) resolu-
tions.
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Figure 6. Comparison to state of the art on a challenging example. Completion results on a sequence of a person running in
circle; we show frames close to the beginning and the end of the sequence. Our method estimates pose more precisely than
other strategies. Blue meshes approximate input frames, green meshes are interpolated by the motion priors.

30fps motion, when considering input sequences increas-
ingly sparsely sampled in space and time. Note that our
method outperforms existing methods by a large margin,
especially when considering very sparsely sampled input,
and degrades gracefully for decreasing input resolutions.

Figures 6 and 7 show qualitative results on a sequence
of a person running in a circle and a challenging cartwheel
sequence when comparing the different methods. While
our method generates a resulting motion very close to the
sparsely sampled input point clouds, VPOSER+SLERP
and Xu et al. fail to capture the global orientation of the
motion, because they do not encode global displacement in
their latent representation. While Li et al. finds the cor-
rect global orientation for the running sequence, the poses
towards the beginning of the sequence are unrealistic. In
contrast, our method is robust to global orientation and
translation. As it was trained to predict the rigid transfor-
mation between segments ρi and encodes global displace-
ment in latent space, it does not suffer from discontinuities
at segment transitions. It also learned detailed motion fea-
tures thanks to the small temporal windows covered per

segment, which is especially visible on the cartwheel motion
where our model correctly captured arm positions while
other methods could not generalize to this challenging in-
put.

6. Conclusion and future works

This work presented a temporally implicit spatio-
temporal representation of motion using a sequence of la-
tent primitives. We showed that using latent primitives
characterizing temporal segments of motion allows for a
gain in precision which outweighs the gain of adding more
latent dimensions. We also showed that our method learned
plausible human motion and outperformed state-of-the-art
motion priors on a completion task on unstructured point-
clouds.

Future work will investigate sequential learning which
takes into account dependencies between motion primitives.
It could prove useful for motion synthesis and be promising
to generate a coherent sequence of primitives from scratch.
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Figure 7. Comparison to state of the art on the most challenging example of the test set: a cartwheel; same color coding as
Figure 6.

Potential negative societal impact
This work presents a novel representation of human mo-

tion sequences using a sequence of latent primitives, and
an approach that allows to recover detailed human data
from very sparse input. As detailed 3D human motion data
is highly personal, such an approach could be used mali-
ciously. Furthermore, our model might be used to retar-
get motions to different body shapes by changing β, which
could be used to generate disinformation.
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