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Abstract— Synthetic data generation is a proven method
for augmenting training sets without the need for extensive
setups, yet its application in human activity recognition is
underexplored. This is particularly crucial for human-robot
collaboration in household settings, where data collection is
often privacy-sensitive. In this paper, we introduce SynthAct,
a synthetic data generation pipeline designed to significantly
minimize the reliance on real-world data. Leveraging modern
3D pose estimation techniques, SynthAct can be applied to
arbitrary 2D or 3D video action recordings, making it appli-
cable for uncontrolled in-the-field recordings by robotic agents
or smarthome monitoring systems. We present two SynthAct
datasets: AMARV, a large synthetic collection with over 800k
multi-view action clips, and Synthetic Smarthome, mirroring
the Toyota Smarthome dataset. SynthAct generates a rich set
of data, including RGB videos and depth maps from four
synchronized views, 3D body poses, normal maps, segmentation
masks and bounding boxes. We validate the efficacy of our
datasets through extensive synthetic-to-real experiments on
NTU RGB+D and Toyota Smarthome. SynthAct is available
on our project page4.

I. INTRODUCTION

In the field of computer vision and machine learning,
the ethical implications of data collection are increasingly
important. Large-scale datasets like Kinetics [5], often
scraped from the web, have advanced the field of human
action recognition but come with drawbacks. These datasets
frequently include videos collected without the knowledge
or consent of the individuals involved, a practice raising
concerns. Particularly in domestic or human-robot interaction
scenarios, as robotic systems become more common in
household settings, the need for privacy preserving data
collection becomes more urgent. Focusing exclusively on
body pose sequences in the data collection process represents
a significant advancement in this direction which mitigates
privacy concerns. While pose-based action recognition meth-
ods make use of this paradigm, they can not maintain the
advantages of video based human action recognition.
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Fig. 1: Recording snapshots of the four camera views of
SynthAct (top) and corresponding depth maps (below).

Creating a synthetic dataset for human behavior is a
challenging task due to the wide range of variables such as
body types, appearances, clothing styles, and backgrounds,
both indoor and outdoor, as well as different activities and
motion styles. Existing databases are often limited, focusing
on specific use-cases [19], [50], [24] or offering a narrow
range of categories [9], [14]. To address these limitations,
we introduce SynthAct, a synthetic data generator for hu-
man action recognition. Developed using the Unity engine,
SynthAct leverages the body shape and movement models
from SMPL-H [39] to create a diverse range of human
appearances.

For large-scale pretraining, we leverage SynthAct to intro-
duce the Archive Of Motion Capture As Rendered Videos
(AMARV), which is based on the AMASS [26] motion
capture dataset. By incorporating state-of-the-art 3D pose
estimation techniques, SynthAct can be applied to arbitrary
human action datasets without the need for labeled ground
truth poses. To demonstrate the ablicability of SynthAct to
in-the-wild scenarios, we create the Synthetic Smarthome
dataset as a counterpart to Toyota Smarthome [11], avoiding
the use of ground truth poses.
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In summary, our contributions include:
• A data generation pipeline integrating 3D pose estima-

tion with our Unity-based generator, SynthAct, reducing
the dependency on real-world action video data.

• Two synthetic action datasets, AMARV and Synthetic
Smarthome, each providing multiple perspectives and
modalities such as RGB and depth.

• Comprehensive experiments that assess the effective-
ness of large-scale pretraining on synthetic data and its
applicability for fine-tuning on real-world tasks.

This work aims to reconcile the need for data collection
in everyday living scenarios with the ethical obligation to
respect individual privacy as well as to alleviate the require-
ment of large scale datasets for human action recognition.

II. RELATED WORK

Leveraging synthetic training data is well-established in
object recognition, semantic segmentation and body pose and
-shape estimation communities [48], [6], [30], [36], [35],
[26], [51], [33], [47], [31], [16], [29] but is a rather new
direction in human activity recognition. One of the first
works addressing synthetic-to-real activity recognition was
the framework of de Souza et. al. [14] which utilizes a com-
bination of motion capture data and computer graphics tech-
niques to generate single-view videos of 35 different actions.
In the following years, multiple pipelines for generating
synthetic activity examples have been developed for specific
domains, including elderly assistance [19], recognition from
new viewpoints for indoor daily living activities [50], [22]
and unusual human activities in urban areas [24].

Table I provides an overview of publicly available datasets
for synthetic-to-real activity recognition. However, these
datasets have several limitations if they are intended to be
used as a universal source of additional training data. They
are often small in size, especially in regard to the number of
captured classes, and are built for very domain-specific use
cases, making them of limited use in a general scenario. For
example, the largest available dataset, Eldersim [19], tackles
an important application, yet its focus on indoor observation
of elderly subjects is narrow. PHAV [14] and Mixamo [9]
cover both indoor and outdoor activities but have only 35 and
14 action categories, respectively. The BEDLAM dataset [3]
bears similarities to AMARV, as both utilize the AMASS
dataset, RGB backgrounds, SMPL-based 3D bodies, and
diverse clothing styles. While our data generator is built on
the Unity perception library [49], BEDLAM employs Unreal
Engine. Despite these technical distinctions, the two datasets
serve different purposes: BEDLAM focuses on supplying
training data for 3D human pose and shape estimation,
whereas AMARV aims to be a comprehensive resource for
synthetic training data in the domain of generalizable activity
recognition. Due to its use case, BEDLAM does not focus on
representing the full set of actions in AMASS and samples
2311 motions while AMARV covers the more than 10k
motion sequences which are labeled by BABEL [33]. Since
AMARV also provides simultaneous recordings from four
perspectives, this results in a significantly larger dataset.
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Action Segment Annotations
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Fig. 2: Overview of our data generation pipeline using
multiple publicly available data sources.

From the methodological perspective, past works on ac-
tivity recognition from simulations either focus on (1) com-
plementing real training data by mixing it with generated
data (often posed as a domain adaptation problem) [14],
[24], [19], [50], [41], or (2) learning action categories on
synthetic data only [37], [27], [28] (synthetic-to-real domain
generalization). [14] propose to mix virtual-world and real-
world examples within the same minibatch, while [50], [22]
follow a similar strategy to improve activity recognition from
new viewpoints by augmenting real data with its synthetic
variants from new perspectives. While we make use of
simulation to address action recognition in the real world, we
also need to mention the research of Puig et al. [32] which
addresses learning compositions of actions within virtual
domains only.

III. IMPLEMENTATION

An overview of our Unity-based data generation pipeline
is provided in Figure 2. In our experiments we use the
publicly available AMASS database [26] in combination
with BABEL labels [33] or pose sequences extracted with
4DHumans [18] from Toyota Smarthome [11] as motion
source. Diverse clothing styles and textures are either adapted
from MultiGarment Net [2] or generated through stable
diffusion [38] and adapted with Blender [7], and virtual
humans are placed into heterogeneous 3D environments
in form of license free HDRI images obtained from Poly
Haven [1].
Motion diversity Using the AMASS dataset [26] as a
source of action animation sequences for our data generator
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TABLE I: Overview on existing synthetic action recognition datasets with various properties.

Dataset Year Actions Motion
Acq.

Motion source Size /
Dur.

Simult.
Views
(All)

Modalities

PHAV [14] 2017 35 MC CMU Mocap 55h 1 (1) RGB
ActionSim [24] 2021 5 MC Mocap 0.1k / 1h 1 (6) RGB,2DP
SynADL [19]1 2021 55 PE EtriAct.3D 462k - (28) RGB, 3DP
Sims4ADL [37] 2021 10 - Ingame 1k / 10h 1 (25) RGB
SURR. NTU [50] 2021 60 PE NTU RGB+D 105k 3 (3) RGB, OF, 2DP
SURR. UESTC [50] 2021 40 PE UESTC 3k 8 (8) RGB, OF, 2DP
Mixamo [9] 2022 14 PE Kinetics 25k / 70h 8 (8) RGB, 2DP
BEDLAM [3] 2023 - MC AMASS 10k 1 (n/a) RGB, IS, D, 3DP
AMARV 2023 260 MC AMASS 800k 4±30◦(4) RGB, IS, SN, D, 3DP
Synthetic Smarthome 2023 31 PE ([18]) Toyota Smarthome 45k 4±30◦(4) RGB, IS, SN, D, 3DP

IS Instance segmentation OF Optical Flow D Depth Maps 2DP 2D-Poses 3DP 3D-Poses SN Surface Normals
MC Motion Capture PE Pose Estimation

1 While eldersim is the dataset generator, SynADL is the dataset name.

provides high quality motion capture animations. We limit
ourselves to the 10892 motion capture sequences which are
provided with dense annotations by the BABEL language
label dataset [33]. For Synthetic Smarthome we make use
of 4DHumans, a 3D pose and shape estimation network. By
estimating 3D pose from 2D video data, 4DHumans induces
significant jitter, especially on the z-axis of the root node as
well as false positive recognitions. We make use of simple
thresholding and SLERP interpolation smoothing to restrict
to higher quality motions.
Body model and animation AMASS provides its motions
in form of the SMPL-H body model [39]. SMPL-H is a
parametric model with Shape Blend Shapes, which enable
the depiction of people with varying body proportions. In our
dataset we specifically try to address discriminating biases
and therefore actively cover a wide range of body shapes by
randomly varying blend shape parameters within manually
chosen bounds in order improve the generalization of action
recognition models.
Body and background textures Our main source of cloth-
ing textures is the data published by Multi Garment Net [2]
which includes 98 body clothing textures. A downside of
this data is that it mainly depicts young to middle aged
males, mostly caucasian and always with exactly the same
face. In order to address this, we generate front and back
views of realistic body textures with stable diffusion [38] for
eight younger and eight older female characters with varying
ethnic backgrounds. Part of our dataset consists of scrambled
textures; we crop individual subregions of full body textures
like left and right arm or leg and randomly mix them with
each other, resulting in a total of 1240 different textures.
We made sure to balance male and female source textures
for this process. To set up multiple different background
scenes for the motions, we make use of a total of 201 HDRI
images from Poly Haven [1] as skybox backgrounds which
we selected to represent a roughly equal amount of 103
indoor scenes and 98 outdoor scenes.
Varying lighting Variations in lighting are known to have
a major impact on the quality of vision based recognition
systems[20]. In our scenes, part of the lighting comes from

Fig. 3: Illustration of the positioning of the four cameras.

HDRI images, the intensity can be adjusted to create strongly
or weakly lit environments. However, the background light
is not sufficient to properly illuminate the person. Therefore,
four light sources were integrated at the positions of the
cameras to obtain similar lighting conditions from all angles.
In order to create diverse and realistic lighting settings,
we randomly parameterise the foreground and background
lighting intensity within manually selected bounds.
Multi view recordings One of the features of our synthetic
data generator is the use of four simultaneously recording
cameras (front, left, right and back camera). While keeping
the actor in the image center, each camera is allowed to
randomly position itself for each individual clip within ±30◦

in a 2D plane, resulting in a large range of possible camera
angles, see also Figure 3. It is possible to recover the exact
angle of a camera from recorded metadata, allowing for
a finer differentiation of multiple views. We evaluate the
covered space of each animation before rendering it and then
arrange the cameras around the center of that area with a
minimal distance, ensuring that an actor coming up close to
the camera will never walk past it.
Multi-modal data output SynthAct captures depth infor-
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mation, 2D and 3D bounding boxes, body keypoints, pixel
normals and segmentation maps for each person in the scene
in addition to the ground truth labels of the animations.
Furthermore, meta-information such as camera and light
source pose, light source intensity values and background
information are saved frame wise.

Raw depth data requires significant amounts of storage up
to a point which is infeasible for a dataset like AMARV.
To reduce the required storage space and enable us to use
common video compression algorithms, we apply the slightly
adapted approach of Sonoda et al. [45] to convert depth val-
ues to RGB by mapping them to hues. The mapping induces
a resolution of about 1530 different values. To minimize the
loss of accuracy during conversion, we analyze the motion
range in the z-axis and perform z-cropping, meaning that we
map the closest and furthest point in the scene to the available
range. By doing so, we achieve a varying precision for our
videos ranging from sub-millimeter precision for motions
with little z-movement to 10 mm precision for motions with
15 m of z-movement. Both values are within the expected
precision of a modern real world depth estimation camera.

IV. EXPERIMENTS

We aim to provide a pipeline for generating synthetic
human action videos from in the wild human action data
in order to partially or fully replace it during training. In
section IV-A, we list results on pre-training on our large
scale dataset AMARV. Fine-tuning on NTU RGB+D for
both, RGB and depth based action recognition is evaluated in
Section IV-B and Section IV-C. In Section IV-D we make use
of Synthetic Smarthome and supplement as well as replace
real world data with the intention to maintain performance
and in Section IV-E we analyze the domain gap between data
generated by SynthAct and real world datasets.
Architectures and Training We make use of multiple
neural network architectures for our experiments. For end-
to-end pre-training on AMARV in Section IV-A) as well
as for downstream experiments in Section IV-B, we select
a commonly used convolutional neural network, X3D-S, as
well as a commonly used visual transformer architecture,
MViTv2-S. For each network we choose the small configu-
ration which allows for training on AMARV in a reasonable
amount of time without access to large scale hyperscalers.
In Section IV-D we also use MViTv2-S, but since we focus
on synthetic data in the downstream dataset we initialize
the model with Kinetics pre-trained weights. For feature
extraction based experiments in IV-E as well as depth based
action recognition on AMARV and NTU RGB+D, we make
use of the pre-trained OMNIVORE[17] network which is
based on Swin-B. All our experiments can be reproduced
with four NVIDIA H100 or A100 GPUs or comparable.
Unless noted otherwise, fine tuning is performed for 100
epochs with batch size 128 for X3D-S and 48 for MViTv2-
S, we provide experiment setup scripts with further details.
Datasets For our experiments we make use of Toyota
Smarthome [11] and AMASS [26] in combination with

BABEL [33] as motion source and for experiments. NTU
RGB+D [42] is used as downstream dataset.

A. AMARV Pre-Training

TABLE II: Results of supervised training on AMARV.

Model Init Accuracy Bal. Acc.
Top-1 Top-5

Val-as-test-260

X3D-S 41.35 73.10 12.1
MViTv2-S MF-A 41.3 73.4 12.7

Val-as-test-120

X3D-S 42.2 71.7 21.8
MViTv2-S MF-A 42.3 72.4 23.2

Val-as-test-60

X3D-S 44.8 75.4 28.8
MViTv2-S MF-A 45.1 76.3 28.5

The BABEL annotations from Punnakkal et al. [33] pro-
vide more than one label for many AMASS segments which
does imply a multi-label problem but the authors decided to
ignore the multi-label property and instead chose to sample
segments multiple times, once for each possible label. We
follow them in this decision. This inhibits a perfect Top-1
score on AMARV, since a clip will be evaluated multiple
times with different labels. Likewise to [33], we list Top-5
accuracy to mitigate this problem. BABEL does not provide
the test set labels, for this reason we propose to publish
results by using the official BABEL validation set for testing
and refer to this protocol by val-as-test.

X3D-S is trained from scratch for 300 epochs, for
MViTv2-S we apply the self-supervised masked feature
approach from [55] for 230 epochs which we refer to as
MF-A, followed by 70 epochs of supervised training.

We list our results in Table II, for all as well as the most
frequent 120 or 60 classes. Despite their different architec-
tures, both networks perform very similar on AMARV.

B. Fine-tuning on NTU RGB+D

TABLE III: Fine-tuning comparison of different synthetic
data approaches on NTU RGB+D.

Method & Training NTU 60
CS CV

HPMRGB + Traj [22] S 75.8 83.2
SURR[50] R 89.0 93.1
SURR[50] S+R 89.6 94.1

X3D-S A → R 88.54 97.2
MViTv2-S MF-A → R 93.8 98.6

We consider AMARV as a dataset for large scale syn-
thetic human action video pre-training and therefore evaluate
models by fine-tuning performance on downstream datasets.
For this we either list fine-tuning of X3D-S pre-trained on
AMARV in a supervised way (A → R) or MViTv2-S with
masked feature pre-training (MF-A → R) in Table III.
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TABLE IV: Cross-view-subject evaluation on NTU RGB+D,
comparison with SURREACT.

Training data 0° 45° 90°

SURREACT [50] R 86.9 74.5 53.6
X3D-S R 86.4 77.8 60.4

SURREACT [50] S → R 84.1 77.5 66.2
X3D-S A → R 89.9 81.8 68.0
MViTv2-S MF-A → R 94.4 84.5 65.1

SURREACT [50] S + R 89.7 82.0 69.0

TABLE V: Action recognition performance on AMARV
using depth only.

Model Top-1 Top-5

Swin-B (OMNIVORE) 22.30 53.44
Swin-B (AMARV) 37.22 72.85

On NTU RGB+D we can compare to the experiments
from Varol et al. [50] who publish full fine-tuning results
based on mixed synthetic SURREACT and real data training
(S + R). X3D-S pre-trained on AMARV outperforms [50]
on the cross-view split and performs almost equal on the
cross-subject split. MViTv2-S significantly improves over
the results of [50] on both NTU RGB+D splits. Note, that
SURREACT [50] make use of mixed synthetic and real data
for training while we only use synthetic data of AMARV for
pretraining.
Cross-view-subject comparison. Varol et al. [50] specifi-
cally designed SURREACT to improve cross-view perfor-
mance. They extended the cross-subject evaluation protocol
on NTU RGB+D by only allowing training on front view
videos while testing individually on the 0°, 45° and 90°
views. Our results are listed in Table IV, we do not use
synthethic data on NTU RGB+D but only make use of
our synthetic multi-view pretraining dataset. X3D-S with
synthetic pre-training on AMARV (A → R) not only outper-
forms the results of [50] on the comparable synthetic pre-
training based setting (S → R) but even performs on par with
mixed synthetic and real fine-tuning performed by [50] (S +
R). MViTv2-S with self supervised pre-training on AMARV
significantly outperforms all other methods on the front view
but is not as good for the 90° view.

C. Depth-based Fine-Tuning

In this section, we describe our depth-based experiments
on NTU RGB+D. We use OMNIVORE-B [17], which is
based on Swin-B [23], as our baseline model. OMNIVORE
is pre-trained jointly on three datasets with different visual
modalities: ImageNet-1K (images), Kinetics-400 (videos)
and SUN RGB-D (images and depth maps, but no humans).
We use the disparity maps as input for the Swin-B model.
Specifically, we first reconstruct depth maps from the depth
videos coded in RGB format, and take the inversed depths,
i.e., disparity maps, as input for the model. We use standard
image augmentation methods, such as, RandAugment [8],
Mixup [57], and Random Erasing [58], following [17]. First,

TABLE VI: Action recognition performance on NTU
RGB+D [42] using depth only. Results demonstrate that the
models pre-trained on AMARV are more generalizable and
show superior fine-tuning performance.

Method Cross Sub. Cross View

Top-1 Top-5 Top-1 Top-5

TSN [54] 73.00 – 68.32 –
Dhiman et al. [15] 68.30 – 72.40 –
HPM3D [22] 71.50 – 70.50 –
DDIs [34] 84.00 – 82.06 –
Wang et al. [53] 87.73 – 87.37 –

Swin-B (OMN., frozen) 46.89 78.50 45.24 78.11
Swin-B (AMA., frozen) 62.01 91.20 63.70 92.00

Swin-B (OMNIVORE) 92.80 99.42 92.84 99.61
Swin-B (AMARV) 92.89 99.41 93.38 99.65

Fig. 4: Gain of pre-training on AMARV over OMNIVORE
baseline on NTU RGB+D [42] using depth only. We plot
the gain in per-class Top-1 accuracy for the top ten and
bottom ten classes. Pre-training on AMARV improves the
Top-1 accuracy on 52 out of the 60 total classes.

we compare the Swin-B model (initialized with OMNIVORE-
B weights) on AMARV with full fine tuning, further re-
ferred to as Swin-B AMARV or frozen backbone fine-tuning.
Results in Table V show that full fine-tuning (AMARV) is
necessary due to the large domain gap between AMARV and
pre-training datasets of OMNIVORE, fine tuning of the patch
embeding as well as the classifier alone (OMNIVORE) does
not provide good performance.

In order to assess the generalization capability, we carry
out experiments on the NTU RGB+D [42] dataset using the
masked depth maps provided by the authors. We first freeze
the main portion while keeping the patch embedding layer
and classifier of the two models, i.e., Swin-B (AMARV)
and Swin-B (OMNIVORE), trainable. Results in the middle
compartment of Table VI show that the model fine-tuned
on AMARV is more generalizable, demonstrating the effec-
tiveness of the proposed dataset. Additionally, we compute
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TABLE VII: Toyota Smarthome comparison on cross-subject
and cross-view 1 splits.

Methods Modality mPCA (%)

Pose RGB CS CV1

P-I3D[10] ✓ ✓ 54.2 35.1
Separable STA [11] ✓ ✓ 54.2 35.2
VPN [13] ✓ ✓ 60.8 43.8
VPN+SSTA-PRS [56] ✓ ✓ 65.2 -
MMNet [4] ✓ ✓ 70.1 37.4
VPN++ [12] ✓ ✓ 71.0 -

LSTM [25] ✓ × 42.5 13.4
MS-AAGCN [44] ✓ × 56.5 -
2s-AGCN [43] ✓ × 57.1 22.1
5C-AGCN+SSTA-PRS [56] ✓ × 62.1 22.8

DT [52] × ✓ 41.9 20.9
I3D [5] × ✓ 53.4 34.9
AssembleNet++ [40] × ✓ 63.6 -
VPN++ [12] × ✓ 69.0 -
Ours (R) × ✓ 71.2 42.2
Ours (S + R) × ✓ 70.5 47.8

the per-class Top-1 accuracy of these two models, and plot
the gain for the top ten and bottom ten classes in Figure 4.
Furthermore, we fine-tune these two models fully on the
NTU RGB+D dataset, and show the results in the bottom
compartment of Table VI. While both models outperform
all existing depth-based methods in all settings, the model
pre-trained on AMARV shows even superior results over the
OMNIVORE baseline, especially in the cross view setting.

Fig. 5: Comparison between synthetically supplemented
training with real-world-only experiments considering vary-
ing shares of real world data on Toyota Smarthome.

D. Synthetic data in Downstream Datasets

This experiment assesses if synthetic data can minimize
the need for real-world data in downstream fine-tuning,
particularly in privacy-sensitive, indoor scenarios like Toyota
Smarthome. Figure 5 shows performance retention on real
world data reduction across two training splits: cross-subject,

with a larger multi-view training set, and cross-view one,
only offering a single camera perspective for training. Our
generator’s multi-view video output from single view input
poses notably boosts performance in the sparse cross-view
setting, allowing almost 75% reduction in real-world data
(remaining with only 469 real world samples) while mostly
maintaining real world performance. In Table VII we com-
pare our results with existing state-of-the-art approaches for
Toyota SmartHome. Even on comparison with multi-modal
methods in inference, the additional synthetic data leads to
a significant improvement on the cross-view 1 split.

E. Synthetic-to-Real Domain Similarities

TABLE VIII: Similarity of synthetic datasets (including our
proposed AMARV dataset) and three real datasets with OM-
NIVORE features.

Real Synthetic MMD KL-Div JS-Div

NTU RGB+D [42]
Surreact 24.89 393.89 67.05
Mixamo 51.44 502.72 103.96
AMARV 33.81 300.68 74.97

UCF-101 [46]
Surreact 33.28 501.58 118.98
Mixamo 38.49 518.28 141.23
AMARV 20.40 353.08 104.98

HMDB-51 [21]
Surreact 32.79 539.80 88.85
Mixamo 37.99 414.55 86.91
AMARV 18.27 195.61 50.52

In this section we assess the domain gap between our
data generator and real world datasets as well as existing
synthetic datasets. Using the OMNIVORE Swin-L model [17]
as a feature extractor, we quantify domain discrepancy with
MMD, KL-Div, and JS-Div metrics. Videos were segmented
into overlapping windows (32 frames, stride 16) for fea-
ture generation and features were generated for HMDB-51,
NTU RGB+D, UCF101, AMARV, Mixamo, and Surreact.
Table VIII shows AMARV minimizes domain gaps, except
against NTU RGB+D where SURREACT [50] excels. Note
that SURREACT renders its synthetic data onto the original
NTU RGB+D backgrounds.

V. CONCLUSION

We introduce SynthAct, a versatile synthetic action video
generator developed using the Unity game engine and pub-
licly accessible data. When integrated with 3D pose estima-
tion techniques, SynthAct is applicable to a wide range of
human motion recordings. Models pre-trained on our gener-
ated data achieve state-of-the-art performance on two of the
three SURREACT cross-view-subject metrics, as well as on
depth-based action recognition on the NTU RGB+D dataset.
Additionally, we demonstrate the efficacy of synthetic data in
reducing the need for real-world recordings, particularly in
the context of the Toyota Smarthome dataset, also achieving
state-of-the-art results. This is especially crucial in privacy-
sensitive scenarios where minimal data collection is desired.
With our generator we aim to drive human machine co-
operation in environments with sparse action recordings by
significantly decreasing the need for real world training data.
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