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Abstract— Human reasoning comprises the ability to under-
stand and reason about the current action solely based on past
information. To provide effective assistance in an eldercare or
household environment an assistive robot or intelligent assistive
system has to assess human actions correctly. Based on this
presumption, the task of online action detection determines
the current action solely based on the past without access to
future information. During inference, the performance of the
model is largely impacted by the attributes of the underlying
training dataset. However, as high costs and ethical concerns
are associated with the real-world data collection process,
synthetically created data provides a way to mitigate these
problems while providing additional data for the training
process of the underlying action detection model to improve
performance.

Due to the inherent domain shift between the synthetic
and real data, we introduce a new egocentric dataset called
Human Kitchen Interactions (HKI) to investigate the sim-
to-real gap. Our dataset contains in total 100 synthetic and
real videos in which 21 different actions are executed in a
kitchen environment. The synthetic data is acquired in an
egocentric virtual reality (VR) setup while capturing the virtual
environment in a game engine. We evaluate state-of-the-art
online action detection models on our dataset and provide
insights into sim-to-real domain shift. Upon acceptance, we
will release our dataset and the corresponding features at
https://c-patsch.github.io/HKI/.

Index Terms— Visual Learning, Datasets for Human Motion,
Simulation and Animation

I. INTRODUCTION

Within the field of action understanding various challenges
deal with analyzing, comprehending, and interpreting human
actions within different contexts. Robust action understand-
ing has potential fields of application ranging from enhancing
human-computer interaction to enabling sophisticated appli-
cations in fields such as robotics and healthcare. Compared
to only classifying one action in a video in action recogni-
tion [1], [2], [3], in the case of action segmentation [4], [5],
[6], and action detection [7], [8], [9] past video observations
and inter-action dependencies are analyzed to infer human
actions. In particular, the online action detection task, which
deals with detecting the current action based on a continuous
video stream, applies to real-world scenarios [10], [11]. Thus,
upon detecting an action, a robotic system can potentially
plan and provide tasks without receiving explicit instructions.

Regardless of the specific task, the performance of these
models largely relies on the available training data. How-
ever, the collection process itself is generally costly, and

1The authors are with the Department of Computer Engineering, School
of Computation, Information, and Technology, Munich Institute of Robotics
and Machine Intelligence (MIRMI), Chair of Media Technology, Technical
University of Munich, 80333 Muenchen, Germany.

979-8-3503-7769-9/24/$31.00 ©2024 IEEE

Ground Truth
a_ a1 a0 a1

/ Training (Synthetic) \

Action
Detection
Model

Action ( Shift

Detection at
M

-
-

ar

Time

Fig. 1: Based on the synthetic video data that has been
acquired from a Virtual Reality environment, an action
detection model is trained in an online manner. This means
that the model detects the current action solely based on past
video information without knowing the future. In particular,
we investigate the domain shift from synthetic to real data
in case of the online action detection task.

depending on the real-world application, in a context like
eldercare it is also privacy intrusive. Thus, several simulator-
based works focus on acquiring synthetic data for the training
process to mitigate these problems [12], [13], [14], [15],
[16]. As a result, the training data can be enriched by ad-
ditional synthetic data capturing a larger action distribution.
These approaches mostly utilize commercial video games or
synthetically created action animations in game engines to
capture video data from a third-person perspective. Com-
pared to previous approaches, our data acquisition is based
on egocentric human-object interactions that are common in
a kitchen environment. We focus on the egocentric viewpoint
due to the increasing availability and usage of augmented
reality smart glasses in industrial applications [17], [18] and
the advantage of a consistent point of view compared to static
camera positioning. By perceiving the actions from a human
standpoint, a robotic system can incorporate the recognized
actions into its planning while possibly also enabling the
robot to learn how to interact with objects.

The simulated data is recorded with a VR headset within
the Unreal Engine (UE4) game engine while utilizing the
work of Martinez-Gonzalez et al. [19] for realistic hand-
object interactions. The real-world RGB data is collected
with a chest-mounted GoProHERO camera from an ego



perspective. As visualized in Figure | we investigate how
far state-of-the-art models can generalize to real-world in-
ference when mostly being trained on the simulated data
and investigate to which extent the domain shift impacts the
model performance concerning the online action detection
task. Thus, our contribution is three-fold:

« We provide a dataset consisting of 100 egocentric videos
that are captured within a VR as well as a real-world
environment that are focused on actions within a kitchen
environment.

We investigate how far state-of-the-art approaches for
the online action detection task can generalize to the
real-world data present during inference based on train-
ing mostly with synthetic data.

We evaluate different state-of-the-art approaches on our
dataset and provide their performance and a baseline for
future work on sim-to-real approaches.

II. RELATED WORK
A. Synthetic Data Generation

Reddy et al. [12] proposed the RoCoG-v2 dataset that
captures robot control gestures from different views such
as ground and air, and is composed of real-world and syn-
thetic video samples captured in a third-person perspective.
Similarly, Melo et al.[20] introduced a mixed synthetic and
real-world dataset for gesture-based robotic control. Both
datasets are mainly focused on the gesture/action recognition
task where videos contain one individual instance of a ges-
ture/action that is to be classified. Thus, their video samples
are short and don’t evolve with respect to an inherent logical
structure of subsequent actions. Furthermore, there are no
interactions with objects present in the datasets.

Previous work also leveraged video games as a source
for simulated video data while simultaneously obtaining
the ground truth information for example in driving sce-
narios [21], [22]. Concerning human action understanding,
Roitberg et al. [22] proposed the Sims4Action dataset which
is composed of videos that are obtained from the commercial
video game THE SIMS4'. The videos are captured from
a third-person perspective in various kitchen environments
with different characters. The dataset consists of 10 actions,
and each video contains one action. However, within the
videos, the game characters often do not behave reasonably
or animations appear in the gameplay that are not physically
feasible or realistic. The Procedural Human Action Videos
dataset (PHAV) [14] features human action videos generated
in the Unity game engine from a third-person perspective,
with each video containing an individual action such as
’car hit, limp, walking hug’. VirtualHome [16] is focused
on providing a simulation environment in which action
sequences can be composed for virtual characters, where
recorded data is available from multiple static cameras in the
household environment. SynADL [23] is a dataset focused
on action recognition for elderly care applications, where

' www.ea.com/games/the-sims/the-sims-4
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their Eldersim platform is capable of generating realistic
actions performed by various subjects within different envi-
ronments. RCareWorld [13] provides a virtual environment
for human-robot interactions in care homes, which is par-
ticularly focused on accurate physical representation of the
human and the robot. Rahamani er al. [24] fit a synthetic
3D human model to a real-world action in order to render
synthetic action sequences from new viewpoints. Similarly,
Varol et al. [25] utilize 3D body reconstruction from real-
world videos to obtain 3D human body motions over time,
which are used to generate new synthetic data samples from
various viewpoints. ManipulaTHOR [26] is a framework
focused on robotic object manipulation based on egocentric
visual data. They base their work on AI2-THOR [27], which
provides realistic indoor scenes within which an agent can
interact with various objects. However, the agent is restricted
to a robot which is unsuitable for natural human action
understanding.

Compared to previous work, we focus on realistic ego-
centric synthetic data generation with a VR setup that is
visually close to the real-world environment. Furthermore
compared to prior work, our dataset features realistic inter-
actions between the human hands and the objects compared
to considering coarse-grained actions or gestures without
objects. Our videos also consist of subsequently dependent
actions which enables the analysis of inter-action dependen-
cies in contrast to short videos only consisting of one action.
Due to the increasing interest in Human-Robot Interaction
approaches based on egocentric data [28], [29], we focus
on the egocentric view for our dataset. Based on egocentric
action recognitions from the human perspective, a robot can
plan its corresponding actions.

B. Online Action Detection

Compared to offline action detection, online action de-
tection deals with predicting the action for the current time
instant within a continuous untrimmed video stream without
accessing information about future actions.

OadTR [11] is a transformer-based architecture, where the
encoder determines the current action based on past frames as
well as additional features from the decoder which predicts
the future context. LSTR [10] is also a transformer-based
approach that separately processes compressed features of
the long-term past and short-term representations in order to
detect the current action. Similarly, MAT [30] also separately
processes the long- and short-term features while further
predicting probable future actions that are feasible within the
context in order to refine predictions for the current action.
Instead of utilizing future predictions, the self-attention-
based Colar [31] method consults category exemplars which
are class-specific representations obtained from the dataset
with K-Means to improve the prediction of the current action.

We focus on the online action detection task due to its
real-world suitability of performing action detection on a
continuous video stream. Thus, we augment the training
process of the detection model with synthetic samples.



Fig. 2: Different views of our simulated kitchen environment and the corresponding views of the real-world kitchen.

Dataset Synth+Real Human Sequ. View

RoCoG-v2 [12]
Sims4Action [22]
PHAV [14]
ManipulaTHOR [26]
SURREACT [25]
SynADL [23]
VirtualHome [16]
HKI (ours)

static
static
static
ego
static
static
static
ego

WX XA XX XN
RN N N RN
N R

TABLE I: Comparision of different synthetic datasets, where
the ”Synth+Real” describes whether the dataset supplies
visually similar synthetic and real action videos, "Human”
denotes whether the dataset is focused on human actions,
”Sequ.” indicates if the dataset consists of subsequent de-
pendent actions and “View” refers to the point of view from
which the data is recorded.

III. DATASET

A. Data Collection

The dataset is focused on investigating how far action un-
derstanding models are able to generalize from data obtained
from a virtual environment, e.g. in the form of a digital twin,
to real-world data. Thus, different from previous approaches
which only provide simulated data, we also provide the
corresponding real-world data that matches the synthetic
data, which are reasonably close to each other in terms of
the environment and the objects that are used. To retrieve
visual information similar to the human point of view and to
be more independent of static camera positioning we focus
on egocentric data acquisition. Additionally, the egocentric
view inherently generalizes well between different subjects
concerning visual cues.

Within the data collection, we focus on actions in a kitchen
environment, where the environment is specified concerning
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one specific kitchen and its respective virtual representation.
The mesh of the real-world kitchen is obtained with the
Polycam app on an iPad 11, where reflective surfaces are
generally difficult to capture within the scan. Thus, the
mesh is further supplemented with 3D objects that are
available in the UE asset store. This improves the visual
realism and stability of object-object interactions within the
simulation, particularly with regard to the collision mesh of
the kitchen appliances, which also improves the physical
realism of interactions with the kitchen environment. A
visual comparison between the real and the virtual kitchen
is displayed in Figure 2. For the real-world data collection,
we use a GoProHero7 Black mounted to the subject’s chest.
The synthetic data collection is based on UE4 into which
we import the aforementioned mesh of the kitchen and the
3D assets. The subject uses the HTCVive VR headset and
the corresponding controllers to interact with the virtual
objects within the virtual kitchen environment where the
physically realistic hand-object interactions are enabled by
UnrealROX+ [19]. The real and virtual objects used within
our dataset are based on the YCB object dataset [32] as well
as object scans from ADL4D [33].

During data collection, we emphasize varying the exe-
cution of the actions with respect to hand movements and
varying action-object combinations. Generally, the actions
are fine-grained and visually similar, meaning that compared
to actions like running and standing, changes in actions
are more subtle. Furthermore, to minimize sequence-specific
overfitting of the model we vary the partial ordering of the
action sequences. To keep the data collection close to a
real-world setting we do not enforce uniformly distributed
action occurrences. We compare our dataset characteristics
to the ones of previous datasets in Table 1. For evaluation
we provide framewise action annotations.
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Fig. 4: Distribution over duration for each action in seconds.

B. Dataset Statistics

The overall dataset consists of 100 videos partitioned into
50 real and 50 synthetic videos. The synthetic videos are
recorded at 30 fps and the real ones are recorded at 60
fps while during the feature extraction process, both are
resampled to 15 fps. There are overall 21 actions which are
composed of the respective verbs and nouns, where the latter
correspond to the objects with which the human interacts.
In total, approximately 57600 framewise features at 15 fps
correspond to 491 individual action instances within all
videos, where the distribution of the number of frames over
individual actions is displayed in Figure 3. The distribution
over the duration for each action is displayed in Figure 4.
The average duration of a video is 39 seconds, where each
video contains on average 5 different actions. There are 12
objects in total with which the human can interact.
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IV. EVALUATION

For RGB feature extraction, we use 13D and S3D models
as visual backbones due to fast inference and small size suit-
able for practical applications, where the framewise features
are extracted at 15 fps. Additionally, we calculate optical
flow features in the case of 13D, where the optical flow is
computed based on RAFT [34]. For training and testing,
we rescale the original synthetic and real images of size
1280x720 to 256x256 and use a center crop as an input to
the vision backbones. For I3D we use a stack of 16 images
to compute one feature representation and for S3D a stack
consists of 24 images. Both models are initialized with pre-
trained Kinetics400 [35] weights. The obtained framewise
features are used as input to the action detection models. We
evaluate the OadTR [11], Colar [31], and MAT [30] models
on the online action detection task. We chose these models
due to their performance on the THUMOSI14 [36] action
detection dataset which ranges from 65% to 70%. We omit
a separate hyperparameter tuning and adopt the parameters
defined in the original approaches and keep them constant
throughout the experiments. All models are trained for 30
epochs. For the following experiments, we randomly sampled
30 % of real data as a test set, which remains constant
throughout all experiments, and used the remaining real data
for training in the case of the Real—Real experiment.

Real—Real: The results in this setup indicate how far
the synthetic data can be used to enhance the performance
of the action detection models. During the experiment, we
subsequently add synthetic data to the real training data
and evaluate only concerning real data. The mean average
precision (mAP) scores of Table II show that OadTR [11]
performs best in the case of the I3D features and MAT [30]
performs best for the S3D features. For the 13D features, we
can observe that the map scores for all the considered models
improve with an increasing amount of additional synthetic
training data. This indicates that the synthetic data captures
an additional portion of the action distribution and the
variations in how they are carried out. For the S3D features,
however, mainly smaller amounts of additional synthetic
data improve the performance for all architectures, whereas
larger amounts of additional data do not always contribute
to continuously increasing performance enhancements. This
indicates that particularly the synthetic optical flow data ben-
efits the performance as the I3D features include optical flow,
whereas S3D features only consider the RGB information.
This generally shows that even if the amount of additional
synthetic data is limited, it can still significantly impact the
performance depending on its underlying action distribution.

Synth— Real: During these experiments, we start by eval-
uating the models on real data when only being trained on
synthetic data. Additionally, we add portions of real data
to the training set to investigate how far synthetic data
can generalize to real data when also being supplemented
with only small parts of real data. Based on the mAP
scores displayed in Table III we can observe that Colar [31]
generally achieves the highest performance throughout the
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Fig. 5: Visualization of exemplary actions in the respective real and synthetic environment.
Synthetic Training Data (%) Real Training Data (%)
Method Feature 0 30 70 100 Method Feature 0 10 20
13D 63.0 644 659 663
OadTR [11] 13D 364 522 541
S3D 653 655 711 685 MAT [30] $3D 353 519 549
13D 62.7 636 640 644
Colar [31] 13D 39.8 519 55.1
S3D 704 71.0 690 69.3 OadTR [11] S3D 280 451 573
13D 614 623 641 633
MAT [30] 13D 40.5 534 565
S3D 71.8 749 707 727
Colar [311g3p 279 459 507

TABLE II: Real—Real: Evaluation of the performance of
state-of-the-art models on our dataset with varying percent-
ages of synthetic data available during training with respect
to their mean average precision (mAP) score. The real data
test split is kept constant throughout the experiments.

varying real data for I3D features. In the case of S3D features
MAT [30] overall achieves the best performance.

With regard to the overall performance of the models, we
can conclude that while training on synthetic data alone is
not sufficient to achieve reliable detections, by supplementing
the training process with small portions of real data, the
performance can be increased significantly. This indicates
that a small portion of real data in addition to training on
synthetic data is crucial for bridging the sim-to-real gap for
inference on real data. The model performance based on
S3D features is generally lower, which indicates that the
optical flow of synthetic data might particularly enhance the
capabilities of the model to transfer from synthetic to real
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TABLE 1III: Synth—Real: Evaluation of the online action
detection models trained on synthetic data with varying
percentages of real data in terms of their mean average
precision (mAP) score. The real data test split is kept
constant throughout the experiments.

data. Thus, motion information from synthetic data in the
form of optical flow seems like an important addition to RGB
data for inference on real-world data. In particular, this seems
to be the case for scarce real data, as the I3D performance
for 0% additional real data in the first column is significantly
higher than the S3D performance for all architectures. When
using I3D features, we can further observe that the training
process based on synthetic data with 20 percent of the overall
real data performs approximately 6% lower than the case
where 70 % of the real data is used to train the model
which corresponds to the entries in the first column of
Table II. This shows that realistic synthetic data can replace



cutapplejgJ 0 0 0 0 0 0 0 1 0 0 3 0 0 0 0 0 0 0 0 O
cutcitrusfegB 0 0 0 0 0 0 0 0 0 0 150 0 0 0 0 0O 0 0 O
place bowlsink-0 0 25 830 0 0 0 0 0 0 2 0 O 4 0 028 0 0 0
place cupsink- 0 0 192311 0 0 0 0 0 0 0 0 0 O 0 0 2317 3 1
place plate sink- 0 0 0 0 00 00 O0O0O0O0O0O OO 0O 0O T7 0130
pour beansbowl- 6 0 0 0 0 4 0 0 0 01800 00 0130 0 0
pour beanscup-0 0 0 0 0 0 0O 0 O O 0 O O O O O O O O O O
pourcerealcup- 0 0 0 10 0 4 034 0 0 0 20 0 0 4 0 0 0 23 0 O
pourjellobowl- 0 0 0 0 0 0 0 oo 0 0 0 03 0 0 0 0 0 0
= Ppourjelloplate-0 0 0 0 0 0 0 0 7 EEJO0 327 0 0 0 0 0 0 7 O
2 pourmilkcup-0 0 0 0 O 4 0430 0 5 1 0 031 0 1 0 13 0 0
< pour spambowl-15 0 0 0 0 11 0 0 8 0 O 00 0 0 013 0 0 O
pour spamplate-19 0 0 0 0 1 0 0 1611 0 2914 0 0 0 0 5 0 0 O
pour sugarbowl-0 0 0 0 0 0 0 0 2 0 OfZJo 0290 3 0 0 0 0
poursugarcup-0 0 0 0O O 0 O O 5 0O O O O OgPA O O O 22 O O
poursugarplatec22 0 0 0 0 0 O 0 19 2 0 2 0 O 745/ 0 0 0 0 O
pour watercup-0 0 0 0 O 2 0 1 0 O O O O O 9 OgEyQoO 7 O O
washbowl-0 0 0 0 1. 0 0 0 0 0 0 1 0 0 0 0 OJEoO0 0 0
washcup-0 0 0 13 0 0 0 0 0 0 0 0 0 0 0 0 0 8gglo ©
washplate-3 0 0 0 4 0 0 0 1 0 0 0 0 0O 0 0 0 20 O|F]o
ide-0 015 0 14 0 0 0 5 0 0 0 0 0 0 0 oo 0 o
L Y ¥ ¥ ¥ T 2 2 F 2 Q2 T T QLT Qoo
52 s§555cc58c585c8c5asxR
T 2 < = 9 3a e Tl - ] Q
o G a o %) X~ <
o v 2 3% v<c & o o= g e 5 8 58259 <
S5 008 5283 38653998588y
00 29,5332 g83 338333 98=z8=¢
o o Q & - = ) @w oo o =
[} b xS
rg L U« 553 38 5 s 53 & 3
2383353838823 33823238
=®agssg §3ggdgs

Predicted
(a) Unseen Synth—Real experiment in percent (%).

=)

cutapplefgdl 0 0 ©

cut citrus 29 0 0

place bowl sink 46
place cup sink B2
place plate sink
pour beans bowl
pour beans cup
pour cereal cup
pour jello bow!
pour jello plate
pour milk cup
pour spam bowl-
pour spam plate-
pour sugar bowl!
pour sugar cup
pour sugar plate
pour water cup
wash bowl
wash cup

wash plate

idle

© 5N
=~ R
®
o ccoc o
orooooo
cwooooo
-
@
-
Heo
cococouococoo

e

cocooo
AoooooEoomoogooooooow'o

Actual

-
©
IS
o offf o o

N
=)
Nooooocoocococoroo

o HH
fHocookEoroocowoo
Flo - c@ccocoococccocounooo
=
&

i

Wasthp onN
Noocococoouro

Ccoooro®mOoOONOO
ooooEoboooooooooooooo

corrOOOUR
OO0 000000000000000O0O00O0

OO0 O0O0OUOO0OO0OO0O0OO0O00OO0O0O0O00OO

w

coorYoo

cooooold
p

p

Wi N o
idel@ooocorcococoooccccocooroo

N
i ©COMOOOO0O0O0OMO OO OO OoHo
nk

M UELREEEEEEREEE

Place Plate g;

oo ccccosscccans

ow/
p

p
wi
te

Cutcitryg0c0o 000 5000000000000 0
POUF feitg
Pour jeio pla

Cutapplg-cococofooghooooooooo
PlacebOW,S(

Wash plate- ©

ursuga,—bowleoooooooooooooooooooo
Wash pq

pou"milkop OC0O00O0O0O0OO0OOOHOOOOOOOOOO
u"SlJambOw’Aooooooo YB®ooooowooo
urSpamp,ate cocoocoococo~woo®ooooooooo

0

Place cup sj
0ur beans ¢,
Pour Cerea| cu
Pour suga, cu
Pour Sugar Plate
Pour wate, cu

p
Po
Po

Q
Predicted

(b) Real— Real experiment in percent (%).

Pour beans b

Fig. 6: Confusion matrices of the Unseen Synth—Real and Real— Real experiments obtained with Colar [31] based on 13D

features.

a large portion of real data while achieving a competitive
performance compared to solely training on a larger real
database.

Unseen Synth—Real: In this experiment we change the
train split that has been used in the experiment when sup-
plementing all the synthetic with 20% real data, by explicitly
removing all real video instances of the “pour sugar plate”
and “pour milk cup” actions. Thus, real video samples of
these actions are excluded from the training dataset and thus
remain unseen. Only synthetic videos are available in the
training dataset and only real videos are contained in the test
dataset for these specific actions, while real videos of other
actions are part of the training set. Thus, we investigate how
far models can generalize from our simulated data without
having real examples of that specific action available during
training. We display the confusion matrices corresponding
to the Unseen Synth—Real and Real—Real experiments
obtained with Colar [31] based on 13D features in Figure 6.
When particularly focusing on the excluded ’pour sugar
plate’ and ’pour milk cup’ actions we can observe that
while for 'pour milk cup’ only 5% of the instances get
correctly detected, for the ’pour sugar plate’ action 45%
of the instances are detected. This shows that although real
video examples of actions might not be part of the training
set, the model is still able to detect these action instances
during inference on real-world data. Thus, we can conclude
that while real data is required to achieve reliable detections,
synthetic data can capture additional unseen actions that can
be detected during inference on real data.

V. CONCLUSION

In this paper, we present HKI, a dataset for investigating
the sim-to-real domain shift for human action understanding
tasks. Our dataset consists of 100 synthetic and real video
sequences that capture a variety of action sequences in a
kitchen environment from an egocentric perspective. The
evaluation is focused on the online action detection task

due to its practical applicability to continuous video streams
in real-world environments. We evaluate the most recent
approaches based on different splits consisting of different
ratios of synthetic and real data. With the Synth—Real
experiments we showed that by adding small parts of real
data to the training process based on purely synthetic data,
the model can achieve competitive performances compared
to the training process solely based on real data. Thus, a
large part of the data acquisition process could be replaced by
privacy-preserving synthetic data collection. The Real— Real
experiments indicate that training the models on real data and
supplementing the training data with synthetic data helps to
improve the overall model performance throughout varying
architectures. Overall, we can conclude that while real data is
essential for online action detection, using synthetic data can
enhance detection results and capture unseen actions during
inference.

Concerning the detection performance achieved on our
dataset, future work could further extend our work to real-
time digital twins that accurately represent the real-world
environment and other agents, which would increase scala-
bility while ensuring privacy-preserving data acquisition.
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