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GAN-Based Semi-Supervised Training of LSTM
Nets for Intention Recognition in Cooperative Tasks

Matija Mavsar', Jun Morimoto?, and Ale§ Ude'

Abstract—The accumulation of a sufficient amount of data
for training deep neural networks is a major hindrance in the
application of deep learning in robotics. Acquiring real-world
data requires considerable time and effort, yet it might still
not capture the full range of potential environmental variations.
The generation of new synthetic data based on existing training
data has been enabled with the development of generative
adversarial networks (GANs). In this paper, we introduce a
training methodology based on GANs that utilizes a recurrent,
LSTM-based architecture for intention recognition in robotics.
The resulting networks predict the intention of the observed
human or robot based on input RGB videos. They are trained in
a semi-supervised manner, with the output classification networks
predicting one of possible labels for the observed motion, while
the recurrent generator networks produce fake RGB videos that
are leveraged in the training process. We show that utilization of
the generated data during the network training process increases
the accuracy and generality of motion classification compared
to using only real training data. The proposed method can be
applied to a variety of dynamic tasks and different LSTM-based
classification networks to supplement real data.

Index Terms—Deep learning methods, real-time action recog-
nition from video, human-robot collaboration.

I. INTRODUCTION

ooperation between humans and robots enables the real-
C ization of complex tasks and at the same time relieves
human workers of stressful and demanding labor. To ensure
safe and efficient cooperation, autonomous systems for su-
pervision and control of collaborative workspaces are crucial.
Detecting and predicting human and robot motion during
task performance can provide vital information for optimizing
collaborative behaviors. Furthermore, it is important to de-
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Fig. 1. Example of an experimental setup for a human-robot collaboration
task. The proposed approach can be used to supplement real training data for
a more dynamic and efficient performance during the assembly process.

velop solutions that can generalize across various applications,
allowing for rapid adaptation to specific tasks.

Recurrent neural networks (RNNs), specifically long short-
term memory (LSTM) networks [1], have proven useful in
predicting future states in dynamic processes, as they can
process sequential inputs by utilizing memory cells. Several
methods for predicting human and robot motion based on
position measurements or captured RGB(D) images have been
proposed. They enable quick robot motion adaptation and
thus a more efficient execution of collaborative tasks [2],
[3]. However, ensuring the robustness of neural networks in
robotics is often challenging due to the limited availability of
high-quality training data.

In the field of machine vision, state-of-the-art networks for
object classification are typically trained on millions of diverse
samples. In robotics, data collection often needs to occur in
specific environments where robots perform their tasks, which
can be time-consuming and may require human intervention.
Additionally, these environments can change rapidly, necessi-
tating the gathering of additional training data. While simula-
tion technologies and domain randomization can increase the
amount of data and improve performance to some extent [4],
significant differences between real and simulated data may
persist. Given these challenges, a method that can operate with
smaller amounts of data and still achieves successful motion
prediction is needed.

In this paper, we propose a method to maximize the
utilization of existing training data, consisting of input RGB
videos and the corresponding labels. In our previous work,
we developed an approach for generating object handover
behaviors using recurrent neural networks [5], [6], where

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

videos of the giver’s motion are used as input to an LSTM
network, which computes the necessary receiver’s motion for a
successful handover. The proposed network can predict either
the handover location [6] or complete receiver trajectories [5].
To enhance this approach, we introduce a semi-supervised
recurrent neural network training technique that employs a
Generative Adversarial Network (GAN) with LSTM layers.
This architecture comprises a generator and a discriminator,
where the generator attempts to create fake RGB videos
with a distribution similar to the real data, in an attempt to
fool the discriminator. The discriminator can be any LSTM
classification network that takes sequences of RGB images
as input and categorizes the observed motion if the input is
real, or labels it as fake if its input is a generated video. The
resulting predictions can be used to control the motion of a
robot in a collaborative environment.

A. Contributions

Our main contributions can be summarized as follows:

o A semi-supervised methodology for the augmentation
of training data that constructs synthetic videos and
leverages them in the training process of classification
networks, enabled by the use of a recurrent LSTM
generator network. The proposed generator network can
be combined with LSTM-based neural networks for in-
tention prediction and motion classification.

« Extensive experiments demonstrate that the proposed
GAN-based training approach enhances the performance
of different LSTM-based motion classification networks
compared to the same networks trained without the gen-
erative component.

The key benefit of our approach is that the networks trained
with it generalize significantly better to different variations in
the data than networks trained using conventional methods.
Therefore, our approach is apt for real-world applications
where data exhibits substantial variability, as demonstrated by
realizing a practical human-robot collaboration task.

II. RELATED WORK

Human-robot collaboration (HRC) has garnered extensive
attention in recent years due to the demands of service robot
applications in both home and industrial settings [7], where
robots must cooperate with humans to perform different tasks.
The key research goals include enhancing task performance,
facilitating robot learning through physical interaction, and
ensuring task fluency [8]. To improve cooperation and increase
control over the collaborative environment, interfaces for better
perception and motion prediction are required. For this reason,
intention recognition is an important aspect of HRC, enabling
the robot to recognize and predict human actions. Towards
this end, the estimation of human motion from video sources
has been investigated for many years [9]. Callens et al. [10]
present an approach that learns motion models to detect motion
onset and estimate intent. Some other approaches employ
convolutional neural networks [11]. While wearables and mo-
tion capture techniques are increasingly common for activity
recognition [12], [13], they do require additional hardware.

Recurrent neural networks, especially LSTM nets, have found
widespread use in HRC for predicting future outcomes based
on sequences of past inputs. Methods for RNN-based activity
recognition from input videos have been developed [14], [15],
and some approaches use human skeleton motions as input to
predict future poses [2], [16].

Generative adversarial networks (GANs) were initially
designed for unsupervised learning, e.g. generation of pho-
torealistic images as well as other types of data. In recent
years their use has extended to other areas, such as rein-
forcement learning [17] and semi-supervised learning [18].
GANSs in various forms have also been used in the context of
robotics and human-robot collaboration, e.g. to predict optimal
grasping strategy for a receiver during a human-to-human
object handover using unlabeled data [19]. The generation
of additional data is a common use of GANs; some existing
methods employ GANs to create synthetic training data for
detection and classification tasks [20], while others generate
unlabeled data and use it together with real data in a semi-
supervised learning pipeline [18], [21]. Exploiting GANs for
sequence generation has been addressed in [22], where authors
utilize LSTM-based generator and discriminator to obtain
synthetic energy consumption training data, while a number
of regularization techniques for better training on non-image
data were presented in [23].

In our work, we aim to enhance an RGB video dataset
by applying GANSs for the generation of additional synthetic
data in the form of image sequences. Several approaches were
developed in the past for unsupervised video generation with
GANsS. In [24], videos of human faces are generated based on
desired condition vectors. In [25] and [26], recurrent layers
are added for unconditional video generation. These methods
train two discriminators that process individual frames and
entire videos, aiding the generator in creating both realistic
and temporally consistent images. Notably, the discriminator
in these approaches outputs either fake or real labels, whereas
our task requires classifying input observations into a limited
set of classes. For classification tasks, Dai et al. [27] have
shown that employing GANs in semi-supervised training leads
to higher accuracy. Interestingly, the generator tends to create
unrealistic images, which helps refine the decision boundary
between classes. Madani et al. [28] implement this approach
for X-ray image classification by modifying the discriminator
output layer to classify real data into corresponding real classes
and fake data into a separate class.

From our analysis of the state-of-the-art, we conclude
that RNNs and GANs have indeed been utilized for motion
recognition. However, they have not been combined for semi-
supervised training of motion classification networks. Drawing
inspiration from these methods, we propose a GAN-based
architecture for semi-supervised training of LSTM-based clas-
sification networks to predict human or robot intentions in the
context of human-robot collaboration.

ITII. SEMI-SUPERVISED INTENTION RECOGNITION

A. Generative Adversarial Networks

The concept of a generative adversarial network was first
introduced by Goodfellow et al. [29]. A GAN consists of
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Fig. 2. The proposed system for semi-supervised learning of networks for intention recognition from image sequences. The generator network creates synthetic
videos of robot or human motion, while the discriminator network attempts to correctly classify videos from the real data distribution and label videos from
the generator’s distribution as fake. The discriminator therefore predicts a probability distribution across K real motion classes and one fake class, while the
generator attempts to generate images with features similar to real image features.

two networks that compete against each other: a generative
network G that attempts to generate data similar to the data
from a real dataset, and a discriminative network D that
computes the probability of a specific sample coming from the
real data. In probabilistic terms, a generative network should
learn how to map random noise vectors z € RM from a fixed
a priori distribution p.(z) to the data vectors x, X = G(z,0,),
where 0, are the parameters of the generative network. On
the other hand, a discriminative network with parameters 0p
computes the probability D(z,0p) that a sample X comes from
the real data distribution pga, (X).

To train a GAN, we simultaneously optimize the parameters
of both networks: the generator should try to generate data
that the discriminator network recognizes as real data, while
the discriminator should correctly classify real and generated
data. The optimum is obtained when the discriminator network
cannot distinguish between the real and generated data [29],
i.e. pG = Pdaa and D(G(z,0¢),0p) = 0.5. The training of the
GAN can therefore be described as the following minimax
game with value function V(G,D):

minmax V(D,G) = Ex.p,,,[logD(x)]+
6 6p
Ezp,llog(1-D(G(2)))]. (1)

In our architecture, both the generator and the discriminator
network contain recurrent layers, while the discriminator out-
put layer is adapted to predict K+ 1 classes. One of the classes
corresponds to the generated data, while the other K classes
correspond to a set of possible intentions of the observed
human or robot.

B. Recurrent neural networks

Recurrent neural networks can process sequential input data
and are therefore especially suitable for analysis of dynamic
processes, including robot and human motion. They consist of
memory cells that can store information dependant on inputs
from previous time steps. They are composed of a cell and
several gates, regulating the flow of information in and out
of the cell. In each time step, the current cell state ¢(¢) and
hidden state h(z) are fed back to the LSTM unit together with
the next input. In this way, each new network output depends
on the results from previous time steps.

C. Recurrent generative adversarial networks

A typical classification network categorizes input data into
one of K classes by generating a probability distribution
across these classes. In supervised learning, the model is
trained to minimize cross-entropy between the actual and
predicted labels. In the context of GANSs, this approach can
be extended to semi-supervised learning by designating the
generated synthetic data as an extra class [30], [27]. We intro-
duce a methodology named RSS-GAN that employs Recurrent
GAN:Ss to train LSTM-based classification networks in a Semi-
Supervised manner. The proposed method features an LSTM
generator network, enabling generation of image sequences,
and an LSTM discriminator network, designed for intention
classification from input videos.

The structure of the architecture is shown in Fig. 2. The
input to the recurrent generator G is a random noise vector
z € RM from a priori noise distribution p,(z), which is first
passed through an LSTM layer. To generate a sequential
output, the input vector z is repeatedly passed through the
LSTM layer along with the cell state ¢(z) and hidden state
h(z) from the previous time step, with the initial states set to
zero. If the total length of the sequence is N, the resulting
sequence of hidden states after N time steps is then {h;}Y ,
which is passed through deconvolutional, normalization and
nonlinear layers. This results in a sequence of RGB images
I(t) € RV*H>*3 of width W and height H, i.e. {I}Y .

The recurrent discriminator D takes a sequence of RGB
images {I;}%Y, of observed human or robot motion as input,
which can come either from a real distribution pgae,, i.e. from
the training dataset, or from the generator’s distribution pg,
representing generated “fake” data. The images are passed
through convolutional, LSTM and fully connected layers. The
discriminator output vector 1 € RE*1, 1 = {1}, 1,... Ix. 1}
is additionally processed by a softmax layer to obtain a
probability distribution pp over K + 1 possible motion classes:

el

where y represents a motion class, i.e. y € {1,2,...,K+1}.
As mentioned in Section III-A, class K + 1 denotes videos
presumed to be generated or fake, while other classes denote

possible intentions of the observed agent.
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While the discriminator network in Fig. 2 is custom-
designed, we could replace it with any other LSTM recurrent
neural network designed for motion classification, enhanced
with a class that classifies fake videos. Besides the CNN-
LSTM discriminator network from Fig. 2, we evaluated our
approach also on an unidirectional LSTM network for action
recognition [15] that consists of pretrained ResNet-18 convo-
lutional layers, fully connected layers, and LSTM layers, with
the output layer extended by the fake video class.

The following set of pairs containing image sequences and
the corresponding labels is needed for training the networks:

N;j NumkE.
{{T b2y vk 3)
I; ; is the i-th image in the j-th training image sequence, N;
is the number of images in this training pair, y; is the motion

class label for the j-th sequence and NumEx is the number of
training pairs in the dataset.

D. RSS-GAN training method

In each training step, the discriminator and generator losses
are calculated and used to update the weights of the networks.
Note that we calculate the losses in each time step, i.e. every
time a new image in the image sequence is processed by
the networks. This is because in a real setting, we want to
predict the motion class of the observed agent as soon as
possible, after only a few images of motion are available. The
prediction typically becomes more accurate as a larger part of
the executed motion is processed.

The discriminator is trained to improve the classification
accuracy of motion videos by minimizing the cross-entropy
between the predicted class distribution and the actual class
label. We use both real videos and the image sequences
generated by network G to train the discriminator. The loss
function for the discriminator is given by [21]:

Lpn = —Egyr | yepgellogpoI{LH)] -
By ~psllogpo(y=K+1{L}L )] 4)
= LD,n,sup + LD,n,unsupa

where Lp nsup and Lp j unsup are respectively the supervised

Lp psup = 7E{I,-}I’.’:|,y~pdam [long(y‘{Ii :1:1 y< K+ 1)] &)

and unsupervised loss

Lpnunsup = —E(11 | ~pasa 108 [1=pp (T} 1,y = K+1)]] -
By ~pellogpp(y = K+ 1{L}E )] (6)

In the supervised loss function Lp , sup We evaluate the classi-
fication of real videos, while in the unsupervised loss function
Lpnunsup We evaluate whether the generated videos were
correctly labeled as fake and the real videos as not fake.

To train the generator, instead of directly maximizing the
output of the discriminator, we define a loss function that
matches the statistics of real and generated data [21]. Specif-
ically, we train the generator to match the expected values of
real image features and generated image features:

Lon = By mpgued {U3ot) =By < FULZDIP,
(N

where f({I;}}_,) denotes the output of an intermediate dis-
criminator layer (shown in Fig. 2). Note that the generation of
fake samples, calculation of loss and its backpropagation can
be repeated any number of times to optimize the performance
of the generator network. We denote the number of generator
update steps (before the discriminator is updated again) as ng
and describe its use in more detail in Algorithm 1.

Since the discriminator and generator loss are calculated for
each time step n, the total loss for an image sequence of length
N is given by

1 X 1 Y
Lp=5 Y %low L= Y Wlon, (8)
n=1 n=1

where Lp, and Lg, are calculated using Eqs. (5) — (7) for a
time step n and are weighted with 7,

1

4 e @R 105"

Yo = 9
Here, parameter o adjusts weights at each time step, empha-
sizing later images where more information is available.

The RSS-GAN models and their training were implemented
using PyTorch library [31]. The learning rate was set to 1074,
The training was stopped after 60 consecutive epochs of no
loss reduction on the validation dataset. The model weights
with the highest classification accuracy on the validation
dataset were used for evaluation on the test dataset. The
training procedure is summarized in Algorithm 1.

Algorithm 1 RSS-GAN training procedure

Initialization: Create a recurrent generator G with parameters
0 and a recurrent discriminator D with parameters @p. Set
the number of epochs to E. Set number of generator update
steps to ng.

1: for epoch =1 to E do
: Sample noise z from p,.

Calculate a batch of image sequences from the genera-
tor’s distribution, {I;}?_, ~ pg.

4:  Sample a batch of image sequences and labels from the
real training data, {LI;}! |,y ~ Pdata-

5:  Update discriminator weights 8p by backpropagating
loss Lp given by Eq. (8).

6: for step=1 to ng do

7: Perform operations 2 and 3 to obtain {I;}?_ ;~ pg¢.

8: Update generator weights O by backpropagating
loss Lg, given by Eq. (8).

9:  end for

10: end for

11: return B¢, O6p

IV. EXPERIMENTS

We conducted a series of experiments to evaluate the
performance of the RSS-GAN training method. We assessed
motion prediction accuracy using two distinct datasets. In the
first scenario, a robot executed motions towards random goal
poses. The goal of the task was to predict the robot’s target area
based on its observed motions. In the second scenario, a human
worker placed a workpiece into one of the four designated
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slots. Here, the objective was to predict the targeted slot based
on the observed human arm movement.

Examples of both robot and human input videos, along
with the goal areas for each motion class, can be seen in
Fig. 3. We compared the accuracy of classification networks
trained using our proposed approach — employing both real
and generated data — to the accuracy of the same networks
trained solely with real data, i.e., without the use of the GAN-
based generator. We evaluated the classification performance
on robot data using our custom-designed CNN-LSTM discrim-
inator network (see Fig. 2). Meanwhile, for the human videos,
we tested both the custom CNN-LSTM and the LSTM-based
network with ResNet-18 convolutional layers (ResNet-LSTM)
proposed in [15].

A. Motion data acquisition

Robot motion data was acquired by executing 7198 motions,
defined as minimum jerk trajectories [32] with randomly
selected initial position, fixed initial orientation and randomly
selected end pose. The initial and final positions as well as
final orientations were confined to a fixed range of values. The
motions were recorded using an RGB camera. To distribute
motions into a discrete set of classes, the motion end area was
split into K = 4 subareas in the x-z plane and the videos were
labelled with y € {1,2,3,4}, based on the subarea where the
robot motion has finished. This way we obtained 7198 video-
label data pairs, which were split into training, validation and
test subsets of sizes 5879, 654 and 665, respectively. We
applied small random rotations to training images to imitate
variations of the camera view directions. Brightness, contrast
and saturation were randomly adjusted and Gaussian noise was
added to the acquired frames. All RGB frames were resized
to 128 x 128 pixels and the video streams were subsampled to
contain 8 frames.

We gathered human motion data in a human-robot col-
laboration setting, as illustrated in Fig. 1. In this setting,
both the human and the robot share a workspace to place
workpieces into K =4 slots. We recorded the human using an
RGB camera, while videos were labeled with y € {1,2,3,4},
depending on the goal slot of each human motion. This way we
obtained a total of 1200 video-label data pairs. The gathered

Fig. 3. Predicted probability distributions across motion classes for example robot and human input videos. Red rectangles represent the goal areas for each
class of motion that the network must predict. As more camera frames are processed, the predicted probability of the correct class typically increases. Robot
motion prediction model was trained using parameters ng =5, M = 8, while values ng =2, M = 100 were used in the case of human data.

human data was split into training, validation, and test subsets
in two distinct ways in order to statistically evaluate the neural
network training under varied conditions:

o Firstly, we created five separate sets of test data. We
achieved this by selecting five non-overlapping test sub-
sets, each containing 80 consecutive samples, from the
last 400 data pairs. The remaining data was randomly
distributed between training and validation data.

o Secondly, 10 different train-validation-test splits were
made by designating the last 200 samples as the test
subset. The remaining data underwent 10 random train-
validation divisions.

Our rationale behind this regime was to assess the trained
networks using testing data from distinct recording sessions
than those from which the training/validation data originated.
This was crucial as we aimed to understand how well the
networks generalize to new data, especially given that hu-
man motion exhibits significantly more variability than robot
motion. Another layer of variability arose from changes in
clothing across recording sessions. All training sets underwent
same randomization as the robot sets. Image sizes were
adjusted depending on the architecture employed.

B. Results with robot motion data

To assess the performance of the training process using
our proposed RSS-GAN methodology, we first applied it to
train the custom-designed CNN-LSTM network on the robot
motion dataset. Throughout our experiments, we varied several
parameters, including the percentage of training data used, the
dimension M of the random noise vector z used as input
to the generator network, and the number of consecutive
updates to the generator’s weights, denoted as parameter ng
in Algorithm 1.

We conducted some initial tests by varying values of ng
and M to evaluate their impact. A higher number of loops ng
improved the accuracy, likely because the generator produced
higher quality training images. Similarly, the value of M
significantly influenced the accuracy, prompting us to test
two distinctly different values. Based on these initial findings,
we opted to train the proposed networks using combinations
of ng € {2,5} and M € {8,100}. We then evaluated these
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Fig. 4. Accuracy comparison on robot video dataset for different combinations of random noise vector size M and number of generator updates ng. Networks
were trained using 100%, 50%, 75% and 25% of training data. Additionally, accuracy for models trained using real data only (i.e. without utilization of
synthetic generated data) is shown. A clear increase in classification accuracy can be observed with more processed frames for all models.

architectures using the test dataset. We set the parameter o
from Eq. (9) to 7, ensuring the appropriately balanced weight
distribution between early and late time steps.

Classification accuracy was determined after processing
each frame in the input image sequences (example predictions
are illustrated in Fig. 3). Fig. 4 displays the average accuracy
of the networks in relation to the number of processed frames
and different hyperparameters. Training was conducted with
varying sizes of training datasets. The accuracy noticeably
improves as more frames are processed; with the RSS-GAN
approach, when utilizing 100% of the training data, it peaks at
85.7%. In contrast, when trained solely on real data — without
using the proposed GAN-based training methodology — the
accuracy reaches only up to 82%.

The presented results show that the motion classification
accuracy improves when the generated data is used in the
training process along with the real data. The average accuracy
was higher in all cases, regardless of the percentage of
data and hyperparameters used for training. The differences
were, however, not very large. This is probably because the
variability in the input images is low, which reduces the effect
of additionally generated data on generalization.

C. Results with human motion data

In the experiment with human motion data, the variability of
the gathered data was much higher than in robot experiments,
both due to the variability of motion and variability of clothing.
As explained in Section IV-A, the testing sets were formed in
such a way to test the generalization power of the networks,
i.e. the test data was collected in different data collection
sessions than the data used for training/validation. We used
two different series of datasets to statistically evaluate the
performance of the trained networks. Based on robot data

results, we selected the combination ng =2 and M = 100 to
train our custom CNN-LSTM network, since it has shown
consistent performance. When training the ResNet-LSTM,
however, ng = 1 was used to reduce the training time. The
results are shown in Fig. 5.

Similarly to the robot data experiment, the performance
of LSTM-based networks increases as more data frames are
processed, either with or without employing the proposed
RSS-GAN training method. However, overall accuracy of the
networks trained with RSS-GAN methodology is significantly
higher that the accuracy of networks trained without the
generated data. The reason for this performance difference
is that the GAN-generated data prepare the networks for
variations not present in the training data. Thus the networks
trained with RSS-GAN methodology generalize better.

The standard deviations plotted atop the accuracy bars
indicate that the results are statistically significant. Notably,
once all data frames are processed, networks trained with
GANSs exhibit significantly greater accuracy compared to those
trained without GANSs. It is worth noting that the mean ac-
curacy of networks trained using the RSS-GAN methodology
surpasses the sum of the mean accuracy and standard deviation
of networks trained without GANs.

D. Observations

We observe that the increase in classification accuracy is
more pronounced with human data than robot data. The main
reason for this is that robot data is less diverse, with minimal
background changes and with motions following consistent
trajectories. Consequently, the data generated by GAN may not
provide as much novel information and has a smaller impact on
network performance. Additionally, we observed that accuracy
was lower for robot data compared to human data, possibly
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Fig. 5. Comparison of classification accuracy on human motion dataset with and without GAN utilization. We evaluated the performance of both our custom
discriminator network and of a previously proposed action recognition network ResNet-LSTM. The top row shows performance of the networks trained on 5
different sets of test data and randomly selected training/validation data. The bottom networks were trained on a single test set, while randomly varying the
training/validation data. The error intervals at the top of each bar show the standard deviation of the classification accuracy across the datasets. Image input
sizes were 128 x 128 when using our custom CNN-LSTM and 224 x 224 when using ResNet-LSTM.

because robot goal areas were less clearly defined, making it
easier for the network to misclassify motion, particularly with
low-resolution images.

Fig. 6 displays example synthetic videos generated during
training with the RSS-GAN approach. The generators for both
types of data output image sequences that resemble real data.
However, the images can clearly be recognized as fake. This
is in line with the findings in [27], where the authors show
that the generator distribution should not match the true data
distribution for good semi-supervised learning.

The ResNet-LSTM architecture trained on 5 splits of human
motion data was implemented in a real human-robot collabora-
tive assembly experiment and is presented in a video uploaded
as supplementary material. This experiment shows that the
network can predict the goal slot of human motion in a timely
manner and can be used to adapt the robot motion to prevent
interference with a human worker.

E. Benefits and limitations

Our experiments with robot and human motion data are
complementary and show that the impact of the RSS-GAN
training approach on performance varies depending on the
dataset. Based on the results, we find that when the training
dataset already covers most of the potential variations, the
expected performance increases are relatively small. This is
noticeable with the results on robot data, where training
videos have very little variations and the robot motions are
relatively consistent. On the other hand, networks trained
using the RSS-GAN approach exhibit significantly improved
generalization when faced with larger differences between
testing and training data, as is the case with human data. This

Real

Generated

Real

Generated

Fig. 6. Example of generated robot (top) and human (bottom) images,
compared to real images. It can be easily seen that they do not come from
the real data distribution. However the generated features still have the ability
to positively contribute to the training process. The presented images were
generated using models trained with ng =5, M =8 and ng =2, M =100 on
robot and human data, respectively.

is supported by a notable increase in classification accuracy
observed in our experiments.

There are some inherent limitations to the generalization
capabilities of the trained networks. Our proposed method
exhibits best performance when the training and testing data
are coherently connected. When the variability of input videos
is extremely high, the variations become too broad, over-
whelming the capacity of the RSS-GAN method to generate
useful synthetic data.

While the proposed approach can address some classi-
fication performance issues, it is important to note that it
cannot fully resolve all of them. As discussed in Section
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IV-D, classifying our robot motion dataset presents a challenge
due to continuous transitions between motion classes, making
precise classification at the class boundaries difficult. Unlike
when dealing with large variations in motion and lighting
conditions, the RSS-GAN training method is unable to produce
data that effectively address this specific issue.

V. CONCLUSION

In this paper, we introduce a recurrent generative adversarial
approach, termed RSS-GAN, to train intention prediction
networks through semi-supervised learning. Leveraging recur-
rent layers enables us to generate and process sequences of
images, allowing for the prediction of an observed agent’s
intention even before the motion finishes. We demonstrated
the applicability of the proposed training approach on different
LSTM-based discriminator networks and evaluated it using
two distinct types of training data: robot motion and human
motion videos. Our findings illustrate that incorporating syn-
thetically generated data alongside real data enhances motion
classification accuracy of the LSTM-based networks, which
makes their application suitable for real-time human-robot
collaborative tasks.

In our current training methodology, we have experimented
with various types of LSTM-based discriminators, maintaining
the generator’s design as depicted in Fig. 2. However, it is
worth noting that the generator network can also be modified,
as demonstrated in [26]. In our future work, we aim to
explore different LSTM-based generator networks to further
improve performance. Another potential research direction
involve moving towards regression problems, where the goal
is to predict the final continuous pose of human or robot
movement. This task goes beyond merely classifying the
motion into a predefined set of goals.

REFERENCES

[1] S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural
Computation, vol. 9, no. 8, pp. 1735-1780, 1997.

[2] J. Zhang, H. Liu, Q. Chang, L. Wang, and R. X. Gao, “Recurrent neural
network for motion trajectory prediction in human-robot collaborative
assembly,” CIRP Annals, vol. 69, no. 1, pp. 9-12, 2020.

[3] W. Yang, C. Paxton, A. Mousavian, Y.-W. Chao, M. Cakmak, and
D. Fox, “Reactive human-to-robot handovers of arbitrary objects,” in
IEEE Int. Conf. Robotics and Automation (ICRA), Xi’an, China, 2021,
pp. 3118-3124.

[4] J. Tobin, L. Biewald, R. Duan, M. Andrychowicz, A. Handa, V. Kumar,
B. McGrew, A. Ray, J. Schneider, P. Welinder, W. Zaremba, and
P. Abbeel, “Domain randomization and generative models for robotic
grasping,” in IEEE/RSJ Int. Conf. Intelligent Robots and Systems (IROS),
Madrid, Spain, 2018, pp. 3482-3489.

[5] M. Mavsar, B. Ridge, R. Pahi¢, J. Morimoto, and A. Ude, “Simulation-
aided handover prediction from video using recurrent image-to-
motion networks,” IEEE Trans. Neural Netw. Learn. Syst., 2022, doi:
10.1109/TNNLS.2022.3175720.

[6] M. Mavsar and A. Ude, “RoverNet: Vision-based adaptive human-
to-robot object handovers,” in IEEE-RAS International Conference on
Humanoid Robots (Humanoids), Okinawa, Japan, 2022, pp. 858—864.

[71 A. Ajoudani, A. M. Zanchettin, S. Ivaldi, A. Albu-Schiffer, K. Kosuge,
and O. Khatib, “Progress and prospects of the human-robot collabora-
tion,” Autonomous Robots, vol. 42, no. 5, pp. 957-975, 2018.

[8] G. Hoffman, “Evaluating fluency in human-robot collaboration,” IEEE
Trans. on Human-Machine Systems, vol. 49, no. 3, pp. 209-218, 2019.

[91 A. Ude, “Robust estimation of human body kinematics from video,” in
IEEE/RSJ Int. Conf. Intelligent Robots and Systems (IROS), Kyongju,
Korea, 1999, pp. 1489-1494.

[10] T. Callens, T. van der Have, S. Van Rossom, J. De Schutter, and E. Aert-
belién, “A framework for recognition and prediction of human motions
in human-robot collaboration using probabilistic motion models,” IEEE
Robot. Autom. Lett., vol. 5, no. 4, pp. 5151-5158, 2020.

[11] Y. Li, Z. Wang, X. Yang, M. Wang, S. I. Poiana, E. Chaudhry, and
J. Zhang, “Efficient convolutional hierarchical autoencoder for human
motion prediction,” The Visual Computer, vol. 35, pp. 1143-1156, 2019.

[12] A. Kubota, T. Igbal, J. A. Shah, and L. D. Riek, “Activity recognition
in manufacturing: The roles of motion capture and SEMG+inertial
wearables in detecting fine vs. gross motion,” in IEEE Int. Conf. Robotics
and Automation (ICRA), Montreal, Canada, 2019, pp. 6533-6539.

[13] W. Wang, R. Li, Z. M. Diekel, Y. Chen, Z. Zhang, and Y. Jia,
“Controlling object hand-over in human—robot collaboration via natural
wearable sensing,” IEEE Trans. on Human-Machine Systems, vol. 49,
no. 1, pp. 59-71, 2019.

[14] Z. Wang, B. Wang, H. Liu, and Z. Kong, “Recurrent convolutional
networks based intention recognition for human-robot collaboration
tasks,” in IEEE Int. Conf. on Systems, Man, and Cybernetics (SMC),
Banff, Canada, 2017, pp. 1675-1680.

[15] A. Ullah, J. Ahmad, K. Muhammad, M. Sajjad, and S. W. Baik, “Action
recognition in video sequences using deep bi-directional LSTM with
CNN features,” IEEE Access, vol. 6, pp. 1155-1166, 2017.

[16] M. S. Yasar and T. Igbal, “A scalable approach to predict multi-agent
motion for human-robot collaboration,” IEEE Robot. Autom. Letters,
vol. 6, no. 2, pp. 1686-1693, 2021.

[17] C. Wang, C. Pérez-D’ Arpino, D. Xu, L. Fei-Fei, K. Liu, and S. Savarese,
“Co-GAIL: Learning diverse strategies for human-robot collaboration,”
in Conf. Robot Learn. PMLR, 2022, pp. 1279-1290.

[18] Z. Zheng, L. Zheng, and Y. Yang, “Unlabeled samples generated by
GAN improve the person re-identification baseline in vitro,” in IEEE
Int. Conf. Comp. Vis. (ICCV), Venice, Italy, 2017, pp. 3754-3762.

[19] R.Ye, W. Xu, Z. Xue, T. Tang, Y. Wang, and C. Lu, “H20: A benchmark
for visual human-human object handover analysis,” in /JEEE/CVF Int.
Conf. Comput. Vis. (ICCV), 2021, pp. 15762-15771.

[20] H. Lu, M. Du, K. Qian, X. He, and K. Wang, “GAN-based data
augmentation strategy for sensor anomaly detection in industrial robots,”
IEEE Sensors J., vol. 22, no. 18, pp. 17464-17474, 2021.

[21] T. Salimans, I. Goodfellow, W. Zaremba, V. Cheung, A. Radford, and
X. Chen, “Improved techniques for training GANs,” in Adv. Neural Inf.
Process. Syst., vol. 29, 2016.

[22] M. N. Fekri, A. M. Ghosh, and K. Grolinger, “Generating energy data
for machine learning with recurrent generative adversarial networks,”
Energies, vol. 13, art. no. 130, 2020.

[23] M. Lee, D. Tae, J. H. Choi, H.-Y. Jung, and J. Seok, “Improved recurrent
generative adversarial networks with regularization techniques and a
controllable framework,” Information Sciences, vol. 538, pp. 428443,
2020.

[24] Y. Wang, P. Bilinski, F. Bremond, and A. Dantcheva, “ImaGINator:
Conditional spatio-temporal GAN for video generation,” in IEEE/CVF
Winter Conf. Appl. Comp. Vis. (WACV), 2020, pp. 1160-1169.

[25] S. Gupta, A. Keshari, and S. Das, “RV-GAN: Recurrent GAN for un-
conditional video generation,” in IEEE/CVF Conf. Comput. Vis. Pattern
Recognit. Workshops, New Orleans, LA, 2022, pp. 2024-2033.

[26] S. Tulyakov, M.-Y. Liu, X. Yang, and J. Kautz, “MoCoGAN: Decom-
posing motion and content for video generation,” in IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (CVPR), 2018, pp. 1526-1535.

[27] Z. Dai, Z. Yang, F. Yang, W. W. Cohen, and R. Salakhutdinov, “Good
semi-supervised learning that requires a bad GAN,” in Adv. Neural Inf.
Process. Syst., vol. 30, 2017.

[28] A. Madani, M. Moradi, A. Karargyris, and T. Syeda-Mahmood, “Semi-
supervised learning with generative adversarial networks for chest X-
ray classification with ability of data domain adaptation,” in 15th
International Symposium on Biomedical Imaging (ISBI), Washington,
D.C., 2018, pp. 1038-1042.

[29] 1. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley,
S. Ozair, A. Courville, and Y. Bengio, “Generative adversarial nets,” in
Adv. Neural Inf. Process. Syst., vol. 27, 2014.

[30] A. Odena, “Semi-supervised learning with generative adversarial net-
works,” arXiv preprint arXiv:1606.01583, 2016.

[31] A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan,
T. Killeen, Z. Lin, N. Gimelshein, L. Antiga, A. Desmaison, A. Kopf,
E. Yang, Z. DeVito, M. Raison, A. Tejani, S. Chilamkurthy, B. Steiner,
L. Fang, J. Bai, and S. Chintala, “PyTorch: An imperative style, high-
performance deep learning library,” in Adv. Neural Inf. Process. Syst.,
2019, vol. 32, pp. 8024-8035.

[32] M. W. Spong, S. Hutchinson, and M. Vidyasagar, Robot Modeling and
Control. New York, NY, USA: Wiley, 2006.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



