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Abstract

We consider the problem of synthesizing multi-action
human motion sequences of arbitrary lengths. Existing
approaches have mastered motion sequence generation in
single-action scenarios, but fail to generalize to multi-
action and arbitrary-length sequences. We fill this gap
by proposing a novel efficient approach that leverages the
expressiveness of Recurrent Transformers and generative
richness of conditional Variational Autoencoders. The pro-
posed iterative approach is able to generate smooth and
realistic human motion sequences with an arbitrary num-
ber of actions and frames while doing so in linear space
and time. We train and evaluate the proposed approach on
PROX dataset [15] which we augment with ground-truth ac-
tion labels. Experimental evaluation shows significant im-
provements in FID score and semantic consistency metrics
compared to the state-of-the-art.

1. Introduction

This paper addresses the problem of synthesizing multi-
action human motion sequences of arbitrary lengths. This
is a major research problem with a vast range of appli-
cations, including animating avatars and virtual charac-
ters [17,21,22,29,33,38,38], character visualization in sto-
ries [23], inpainting of missing frames in videos and com-
pletion of action sequences [4, 37], and synthesizing real-
istic motion under 3D scene constraints [14, 36]. Gener-
ating realistic motions of humans performing multiple ac-
tion over longer periods of time is a challenging task, since
it requires modeling dependencies between multiple possi-
bly overlapping actions in the temporal domain, while en-
suring that transition points between different actions are
continuous and smooth. Recent approaches [13, 30] were
able to considerably improve the fidelity of synthesized mo-
tion by building on conditional Variational Autoencoders
(VAEs) [20] and Transformers [35]. However, both ap-
proaches are restricted to generating single action motion
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sequences only. Furthermore, as motion sequences are gen-
erated in a single shot in a non-causal way, generation is
typically limited to short sequences of a pre-defined length
to avoid running out of memory, which often results in con-
text fragmentation. On the other hand, Recurrent Trans-
formers (RT) [6, 7, 9, 32] have been shown to combine the
expressiveness of self-attention mechanism [35] to model
long-range dependencies with the efficiency of recurrent ar-
chitectures [16]. However, RTs lack conditioning and thus
have not been used for motion sequence synthesis.

We propose a novel approach that takes an ordered set
of action labels as input and synthesizes an arbitrary-length
motion sequence of 3D human meshes performing these
multiple potentially-overlapping actions. At the core of
our approach lies a novel spatio-temporal formulation that
marries Recurrent Transformers (RT) with conditional Vari-
ational Autoencoders (VAE) to generate multi-action se-
quences. We thus dub the proposed approach as RTVAE-
Multi. The approach (cf. Fig. 1) is trained using sequences
of SMPL [26, 28] 3D body meshes of people performing
multiple actions, and associated ordered sets of action la-
bels. During training, at each timestamp, we concatenate a
3D body mesh with input actions embeddings and feed them
into the encoder together with the previous hidden state.
Once the encoder has seen all frames, we sample multiple
latent vectors each corresponding to the whole action sub-
sequence. The decoder then uses the query sequence corre-
sponding to the positional embedding of a given timestamp
and stacked latent vectors to reconstruct the input poses.
During inference, the length of the sequence that can be
generated is arbitrary, and each frame is generated at con-
stant time and memory.

To train RTVAE-Multi we require a dataset with both
multi-action sequences annotated with GT action labels,
and frame-wise SMPL [26, 28] 3D body mesh fittings.
Since no such dataset is publicly available, we found PROX
dataset [15] to be closest to our requirements, and have
therefore augmented it with GT multi-action labels.

Our main contribution is a novel spatio-temporal formu-
lation that combines the expressiveness and efficiency of
Recurrent Transformers with generative richness of condi-
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Figure 1. Overview of our approach. The encoder and decoder
steps are unrolled to demonstrate the synthesis process of se-
quences conditioned on multiple actions. At iteration t, the in-
put to the encoder is a SMPL pose denoted by pt, concatenated
with the embedding of the input action ai, where ai spans mul-
tiple frames, and pe is the positional embedding. The previ-
ous hidden state used to compute the output at t is denoted by
st−1. For each action, we save the VAE distribution parameters
µai,ti and σai,ti where ti denotes the end timestamp of action
ai. Once the encoder has seen all frames, we sample k latent
vectors zi ∼ N(µai,ti , σai,ti) each corresponding to the entire
sub-sequence matching ai. The decoder transformer query se-
quence corresponds to the positional embedding of timestamp t,
and [za1 , za2 , · · · , zak ] is a stacking of all the latent vectors sam-
ples from encoder output. The decoder is optimized to output a
reconstruction of the input poses using an MSE loss term.

tional Variational Autoencoders to generate arbitrary-length
multi-action motion sequences. In contrast to previous
works [13, 30], we address a more challenging problem of
multi-action motion synthesis, are able to generalize to arbi-
trary number of actions per generated sequence, and to gen-
erate arbitrary length sequences where space and time re-
quirements grow linearly in the number of frames. In Sec. 4
we demonstrate significant improvements in motion synthe-
sis over multi-action extension of [30], while performing
on-par with [30] in single-action scenarios.

Our second contribution is the extension of PROX
dataset [15] with GT multi-action labels, thus completing
the dataset to contain multi-action motion sequences, per-
frame SMPL [26, 28] fittings and GT action labels.

Our third contribution is a thorough experimental evalua-
tion on the challenging task of synthesizing arbitrary-length
motion sequences with an arbitrary number of actions and
comparisons to the state-of-the-art and strong baselines. In
Sec. 4 we demonstrate that the proposed design choices re-
sult in significant improvements in action recognition when
evaluating a pre-trained off-the-shelf action recognition ap-
proach [41] on generated sequences.

2. Related Work
Motion synthesis is a widely researched problem in

graphics and computer vision [2,13,25,30,36,39]. [3,25,27]
condition a future sequence on a few past frames and rely
on autoregressive models such as LSTMs [16]. These mod-
els are inherently incapable of modeling long-term depen-

dencies between frames and their ability to generate realis-
tic motion degenerates for longer sequences. Works such
as [10] jointly predict future frames in action classification
frameworks in order to learn action-specific motion rep-
resentation. Deep generative models such as Variational
Autoencoders (VAE) [20] and Generative Adversarial Net-
works (GANs) [12] have made breakthroughs in synthesiz-
ing high-fidelity visual content such as images, videos and
human motion [24,31,34]. For example, Barsoum et al. [2]
proposes a GAN-based Seq2seq model while [39] proposes
a GAN-based model using graph convolutional network that
samples a latent vector from an observed prior. Methods
based on VAEs for motion synthesis conditioned on action
labels have been proposed in [13], while [30] further pro-
posed generating the full body mesh rather than the 3D
pose. Other tasks include motion transfer or video com-
pletion in which generating human videos is guided by mo-
tion sequences that are generated based on a semantic label
[4,40]. Similarly, controllable characters using user-defined
controls are used to generate an image sequence of a given
person [11], or to animate characters and avatars [22,33,38].
In a related task [23] visualize a given story and its charac-
ters by generating a sequence of images at the sentence level
and [1] synthesize motion sequences conditioned on natu-
ral language. Another group of approaches predicts human
motion constrained by scene context or human-object inter-
action [5, 8, 14, 36].
Variational Autoencoder Transformer. [30] proposed the
currently state-of-the-art approach to synthesizes motion
sequences conditioned on a given action label. The un-
derlying generative method is a Transformer-based [35]
VAE [20] which learns the latent distribution of the ob-
served pose sequences. [30] is limited to single action se-
quence generation, where each sequence is generated in one
shot in a non-causal way. This bounds the length of the se-
quence by the resources available on a machine, a limitation
further amplified by quadratic complexity attention compu-
tation, which requires splitting long sequences into several
parts thereby causing context fragmentation.
Recurrent Transformers. Transformer [35] is an expres-
sive network architecture that relies on the self-attention
mechanism for weighing different elements of the input.
Several approaches have been proposed to alleviate the
quadratic complexity needed to compute the attention [6, 7,
9,32]. One prominent work is a recurrent approach based on
formulating the attention using kernel functions [19], mak-
ing it possible to calculate the attention in linear time.

3. Multi-action Recurrent Transformer Varia-
tional Autoencoder

Given an ordered set of action labels A =
{a1, a2, ..., ak}, we propose a model that synthesizes



a motion sequence of 3D human meshes performing these
actions. The ability to generate long sequences that are
plausible and coherent requires allowing information to
flow persistently across the temporal domain. To that end,
we propose using a recurrent model with a hidden state that
maintains compact yet long-range information to help it
reason about the sequence.
Approach. In order to overcome the aforementioned lim-
itations of [30], we propose to extend their approach to
generate sequences of an arbitrary length conditioned on
an arbitrary number of action labels. An overview of the
approach is shown in Fig. 1. The input during training
is a sequence consisting of multiple possibly overlapping
actions and an ordered set of corresponding action labels.
The transformer network additionally receives its last hid-
den state as part of the input, and outputs an encoding of the
input representing the current pose and distribution param-
eters µ and σ. We save the distribution parameters corre-
sponding to the last frame of every action label, since we hy-
pothesize that the encoder learns a better representation as
it accumulates more knowledge of an action sub-sequence.
We sample k latent vectors zi ∈ Rd each corresponding to
a sub-sequence of one action. In order to guarantee a con-
tinuous and uniform representation for the entire sequence,
especially at the cross points where action ai ends and ai+1

starts, we stack the latent vectors of all actions. In the de-
coding phase, we do not rely on the timestamps to decide
the number of frames synthesized for each action, and in-
stead, we let the decoder reason about this number. This
makes it possible to train the decoder in a weakly super-
vised manner, as it learns to relate an action-specific latent
vector to a generated sub-sequence, but that also entails a
limitation where during inference, it is not straightforward
to specify the length of the sub-sequence corresponding to
an action.

4. Experiments

Dataset. Existing motion datasets such as Human-
Act12 [13] and Human3.6M [18] consist of single-action
sequences, making it hard to train and evaluate the proposed
model. We thus extended PROX dataset [15] which origi-
nally contains 3D pose annotations and SMPL [26, 28] fit-
tings by adding GT action labels. We identified 50 action
labels in 60 various recorded scenarios in 12 different 3D
scenes in which 20 subjects are interacting with the scene.
The number of frames is 100K and we split the dataset into
training and test sets, where the training set consists of 27
scenes with subjects performing actions in indoor environ-
ments such as in the library, cafeteria and office. The test set
consists of 3 scenes, some of which have only ground truth
(GT) action annotations without SMPL fittings. The scenes
consist of 1000 − 3000 frames and the actions performed
can be intricate and are not repetitive or simple in nature.

Baseline. Since we are the first to address multi-action
motion synthesis, we create a strong baseline by extending
single-action ACTOR [30] approach to multi-actions. For
that, we fix the maximum number of actions to be M , and
divide latent vector z into M equal-sized sub-vectors each
of size zi ∈ R⌊d/M⌋ to encode one action sub-sequence. We
call this approach ACTOR-Multi.
Standard evaluation metrics. We follow [13] and train
an action recognition model [41] on the GT training data
and evaluate on the synthesized sequences using Fréchet In-
ception Distance (FID), accuracy of predicted action labels,
multimodality and diversity, where the latter two refer to the
variance between the different actions classes and variance
within the same class.
Semantic consistency metrics. We evaluate semantic con-
sistency between GT conditioning labels and synthesized
sequences. Specifically, we calculate the proportion of se-
quences whose conditioning labels match the labels of the
closest sequence in GT training set. We calculate cross-
product distances between each 3D pose in generated se-
quence and each 3D pose in GT sequence, and find the
sequence-to-sequence matching using the Hungarian algo-
rithm.

4.1. Evaluation

Using standard metrics. Tab. 1 shows the performance
of RTVAE-Multi and comparison to ACTOR-Multi, while
varying the sequence length (60, 80, 120) for sequences
with at most 8 actions. tr denotes training set, gen refers
to synthesized sequences, and gt denotes GT data. RTVAE-
Multi significantly improves over ACTOR-Multi, with a
performance gap that rises with an increased sequence
length. This is due to small capacity of the latent vector
which does not suffice to represent significant variations in
actions when synthesizing multi-action sequences. Tab. 2
provides direct comparison to [30] in single-action use case,
with RTVAE-Single performing on-par with ACTOR [30].
Using semantic consistency metrics. RTVAE-Multi sig-
nificantly outperforms ACTOR-Multi when fixing number
of actions to four and varying the sequence length (2 (a)).
RTVAE-Single matches ACTOR [30] in single-action use
cases (2 (b)). Increasing the number of actions for a fixed
sequence length degrades RTVAE-Multi accuracy much
more gracefully compared to ACTOR-Multi (2 (c)).
Qualitative evaluation. Sample multi-action generated re-
sults are shown in Fig. 3. We observe continuity in the
spatial and temporal domain.

4.2. Ablative studies

Ablative studies performed using standard metrics
(Tab. 3) and semantic consistency metrics (Tab. 4).
Last frame distribution parameters. RTVAE-Multi uses
distribution parameters of the last frame of each action la-



seq. length method accuracytrgt accuracytrgen↑ accuracytestgen↑ FIDtrgen↓ diversitytrgt multimodalitytrgt diversitytrgen multimodalitytrgen

60
ACTOR-Multi

98.1
74.3± 1.26 60.0± 6.1 680± 11.46

86.57 26.96
65.67± 0.51 23.66± 0.46

RTVAE-Multi 82.8 ± 0.84 61.8 ± 2.62 590 ± 6.23 73.0± 0.39 20.5± 0.36

80
ACTOR-Multi

97.1
56.2± 0.92 41.5± 1.54 1197.4± 33.43

89.2 35.16
67.58± 1.32 26.69± 0.35

RTVAE-Multi 74.3 ± 1.11 49.4 ± 1.72 996 ± 23.12 75.5± 0.64 25.85± 0.39

120
ACTOR-Multi

99.1
38.3± 0.47 27.9± 3.07 2938.44± 35.6

130.47 47.86
97.24± 0.82 38.95± 0.51

RTVAE-Multi 50.8 ± 0.71 37.3 ± 1.49 2584 ± 9.7 100.14± 0.8 36.81± 0.54

Table 1. Evaluation on PROX dataset with a maximum of 8 actions/sequence, while varying sequence length.
seq. length method accuracytrgt accuracytrgen↑ accuracytestgen↑ FIDtrgen↓ diversitytrgt multimodalitytrgt diversitytrgen multimodalitytrgen

60
ACTOR [30]

97.3
74.4 ± 0.69 65.8± 3.1 733± 6.85

61.64 19.14
49.0± 0.45 14.14± 0.38

RTVAE-Single 72.7± 0.75 64.8± 2.34 725± 5.56 48.4± 0.42 13.72± 0.3

80
ACTOR [30]

97.8
70.7± 1.0 61.0± 1.98 1696± 5.46

77.19 26.33
57.72± 0.37 26.33± 0.28

RTVAE-Single 71.1 ± 0.62 61.5± 2.87 1631± 9.84 58.67± 0.52 17.77± 0.34

120
ACTOR [30]

98.4
64.2± 0.53 58.2± 2.5 5311± 14.73.6

105.22 39.31
81.84± 0.63 25.16± 0.57

RTVAE-Single 65.6± 1.08 58.2± 2.69 4885± 23.5 81.75± 0.82 25.34± 0.56

Table 2. Evaluation on PROX dataset when using single action/sequence, while varying sequence length.

(a) (b)

(c)
Figure 2. Match rate of action labels between synthesized and
ground-truth samples while varying the sequence length for single
action (a) and four actions (b), and varying the number of actions
for constant sequence lenght (c).

method accuracytrgen↑ accuracytestgen↑ FIDtrgen↓
RTVAE-Multi 74.3± 1.11 49.4± 1.72 996± 23.12
Average stats 72.8± 0.47 46.9± 1.98 1129± 9.56
All diff-latent 62.0± 0.4 38.1± 1.35 1249.86± 4.54
W/o look-b.-a. 29.1± 1.36 16.5± 2.0 2161.42± 21.46

Table 3. Ablative evaluations on PROX using standard metrics
(max 80 frames- and max 8 actions per sequence).

bel. We evaluate the performance when using averaged pa-
rameters over all frames in an action sub-sequence. We ob-
serve deteriorated performance in this case, indicating that
the learned distribution becomes better as the model accu-
mulates more context information about the sequence (see
Average stats in Tab. 3 and 4).
Different latent vector per frame. Using different latent
vector for each generated frame also adversely affects per-
formance. This indicates that a single latent vector repre-
senting the whole action sub-sequence provides a smoother
frame generation, as similar frames should be close together
in the latent space (see All diff-latent in Tab. 3 and 4).

Getting up from lying position,
standing up

Reaching for pocket,
punching phone

Walking, turning around, sitting,
reaching for something on table

Figure 3. Sample motion sequences synthesized by RTVAE-Multi.

Look-back-ahead. Stacking all latent vectors during the
decoding phase is necessary for the synthesized sequence to
avoid discontinuity between different action sub-sequences.
We call it look-back-ahead strategy as it makes the decoder
aware of both previous and future frames while reasoning
about current frame. Using a separate latent vector from
only the current frame results in a dramatic performance
drop (see W/o look-b.-a. in Tab. 3 and 4).

method correctly matched sequences %
RTVAE-Multi 78.74
Average stats 67.44
All diff-latent 67.77
W/o look-back-ahead 28.8

Table 4. Ablative evaluations on PROX using semantic consis-
tency metrics (max 80 frames- and max 8 actions per sequence).

5. Conclusion
We addressed a challenging problem of synthesizing

multi-action human motion sequences. We proposed a
novel spatio-temporal formulation combining the expres-
siveness and efficiency of Recurrent Transformers with gen-
erative richness of conditional VAEs. The proposed ap-
proach generalizes to an arbitrary number of actions and
frames per generated sequence, with space and time re-
quirements growing linearly in the number of frames. Ex-
perimental evaluation showed significant improvements in
multi-action motion synthesis over the state of the art.
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