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Multimodal Variational DeepMDP: An Efficient
Approach for Industrial Assembly in
High-mix, Low-Volume Production

Grzegorz Bartyzel1,2 Member, IEEE

Abstract—Transferability, along with sample efficiency, is a
critical factor for a reinforcement learning (RL) agent’s successful
application in real-world contact-rich manipulation tasks, such
as product assembly. For instance, in the case of the industrial
insertion task on high-mix, low-volume (HMLV) production lines,
transferability could eliminate the need for machine retooling,
thus reducing production line downtimes. In our work, we
introduce a method called Multimodal Variational DeepMDP
(MVDeepMDP) that demonstrates the ability to generalize to var-
ious environmental variations not encountered during training.
The key feature of our approach involves learning a multimodal
latent dynamic representation. We demonstrate the effectiveness
of our method in the context of an electronic parts insertion
task, which is challenging for RL agents due to the diverse
physical properties of the non-standardized components, as well
as simple 3D-printed blocks insertion. Furthermore, we evaluate
the transferability of MVDeepMDP and analyze the impact of the
balancing mechanism of the generalized Product-of-Expert, which
is used to combine observable modalities. Finally, we explore the
influence of separately processing state modalities of different
physical quantities, such as pose and 6D force/torque (F/T) data.

Index Terms—Reinforcement Learning, Representation Learn-
ing, Assembly, Industrial Robots, Sensor Fusion

I. INTRODUCTION

IN modern manufacturing, two distinct types of production
system have emerged: low-mix, high-volume, and high-

mix, low-volume. The first is characterized by a linear and
highly specialized production system, exemplified by the
automotive industry, where dedicated production lines are
designed for specific vehicles that have been assembled for
extended periods. In contrast, the latter is more prevalent in
industries such as electronic manufacturing, where a multitude
of devices with lower production volumes, such as specialized
devices, are produced. Lines designed for HMLV production
must allow quick re-tooling of automated machines, such as
robotized stands, to minimize production downtime.
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Various methods have been proposed to improve the trans-
ferability of robotized machines, including those that take ad-
vantage of deep learning systems [1] and reinforcement learn-
ing algorithms [2], [3]. However, the majority of approaches
demonstrating the ability to generalize across tasks often rely
on complex preprocessing, which affects the inference time
during the insertion process. The execution time plays a crucial
role in the assembly production lines, along with reducing
machine retooling time.

In the present work, we introduce a novel RL-based method
called Multimodal Variational DeepMDP, which has been de-
signed to address efficient insertion tasks on HMLV production
lines. MVDeepMDP has demonstrated notable transferability
to various non-standardized electronic parts assembled using
through-hole technology (THT), and to custom-designed 3D-
printed blocks. We position our method as an extension of
the well-known DeepMDP algorithm [4], which improves the
performance of RL algorithms by incorporating learning of dy-
namic representation and reward prediction. A key difference
between those algorithms is that we designed the MVDeep-
MDP to handle multimodal observation spaces effectively.

The principal contributions of our work are as follows:

1) Using generalized Product-of-Expert [5] to compute joint
latent representation leads to better extraction of task-
relevant information from the observations

2) Incorporating the learning of dynamic representation and
reward prediction for each observation modality into
the process of learning the joint dynamic representation
improves the transferability of the RL agent.

3) The independent processing of state-based modalities
from various sensors leads to a more informative latent
representation compared to the approach of concatenating
them and jointly processing them.

II. RELATED WORK

A. Contact-rich Assembly

The manipulation of objects in contact-rich tasks, such as
picking up objects, inserting pegs, or grinding, has been a
subject of study for many years [6] due to its significance
in manufacturing. Traditional manipulation methods rely on
proprioception feedback and force control systems [7], [8] that
are based on an estimated mathematical model of the robot.
However, these solutions are often designed for specific types
of objects and require adjustments for new geometries.
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Recently, RL methods have been applied to industrial
assembly tasks. Initial studies [9], [10], [11] have involved
training neural network policies with haptic and proprioception
feedback. However, the reliability of proprioception feedback
is frequently compromised by real-world disturbances, making
it challenging to train an RL agent. Therefore, research on
visual [12], [13], [14], [15] and multimodal [2] feedback has
been conducted. These approaches produce robust policies that
can quickly adapt to disturbances and handle objects not seen
previously.

However, the aforementioned works often assume training
the RL policy from scratch, limiting their transferability to
other tasks or elements. An approach to address this limitation
is to improve training by integrating learning from human
demonstrations [16], [17], [18] or by transferring a model
trained in simulation to the real world [19]. More advanced
techniques involve context-learning methods [20], [21] or
improving RL policies through weak supervision, such as
additional image segmentation [3], [22]. These approaches
demonstrate the ability to adapt rapidly or even transfer
knowledge to previously unseen tasks.

B. Representation Learning in RL

It is well known that basic RL algorithms suffer from sample-
inefficiency and a limited ability to generalize across different
environmental variations. To address this challenge, several
solutions have been investigated. One group of methods in-
volves observation augmentation [23], [24]. However, applying
a highly complex augmentation reduces the stability of train-
ing RL agents. In addition, there are algorithms that make
use of contrastive learning [25] or weak supervision [26],
[27]. Another approach is model-based reinforcement learning,
where algorithms learn the latent dynamic representation of the
observable environment in conjunction with reward prediction
or observation reconstruction [4], [28], [29], [30].

III. METHODS

We propose the Multimodal Variational DeepMDP method to
achieve transferability in HMLV production lines, such as the
assembly of electronic products. Our solution combines the
model-based DeepMDP [4] algorithm with the generalized
Product-of-Experts [5] to effectively handle multimodal ob-
servation spaces. MVDeepMDP can be seamlessly integrated
with any standard off-policy RL algorithm by incorporating an
auxiliary objective elaborated in Section III-D. In this work,
we used Soft Actor-Critic (SAC) [31], a state-of-the-art off-
policy RL algorithm designed for continuous action spaces, as
our base algorithm.

In this section, we outline the environment with a mul-
timodal observation for assembly tasks. Following this, we
provide an overview of the model’s architecture and a brief
introduction to the SAC. Lastly, we will comprehensively
explain the training procedure used for MVDeepMDP.

A. Electronic Parts Insertion Environment

In this work, we examine the transferability of the RL-
based method to different objects from the same domain of
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Fig. 1: Overview of the MVDeepMDP model architecture. For
each observation modality, a latent representation is computed.
The obtained latent representations are then processed by a
gPoE to obtain a joint multimodal latent representation. This
joint representation is used as input for the actor and critic
networks.

elements used during training, as well as to objects from
an entirely distinct domain. To train the RL agent, based
on the environment proposed by Bartyzel et al. [32], we
have designed an environment with a multimodal observation
space. In the context of the robotic area, multimodality refers
to the use of multiple sensors to capture different aspects
of the environment. In our case, the multimodal observation
space includes following modalities: two RGB images of size
128×128 acquired from cameras mounted on the robot’s end-
effector, the tool’s pose relative to a target reference frame,
tool’s 6D twist, and 6D F/T data from a sensor attached to the
robot’s end-effector. Euler’s angles represent the orientation;
therefore, the pose is six-dimensional.

The industrial robot operates in a cylindrical workspace with
a radius 15 mm and a limitless height. In addition, we have
restricted the allowable tool rotation to 45◦ to ensure the safety
of the tool components. The reference frame of the workspace
is the manipulated object insertion pose.

During the insertion trial, the RL agent computes a relative
translation along the XYZ-axes [∆xt,∆yt,∆zt] and a rotation
along the Z-axis ψzt of the tool center point (TCP). The action
space range is [−2.0, 2.0] mm for translation and [−1◦, 1◦] for
rotations. The target pose of the tool is given in the workspace
reference frame, transformed into a robot base reference frame,
and then transmitted to the control system. To ensure safe
execution during training, the industrial robot is controlled
using the Cartesian admittance control system [33].

For the experiments, we used a reward function and an
episode termination logic proposed in the work [32]. We found
this function to be suitable for the problem addressed in this
work.

B. Model Architecture

An overview of MVDeepMDP integrated with the off-policy
actor-critic algorithm is depicted in Fig. 1. In this framework,
each modality is preprocessed by an independent stochastic
encoder [34] that computes the mean and standard deviation
of the Gaussian distribution, from which a 128-dimensional
latent representation is sampled. Depending on the type of
observation modality, the encoder is a fully connected network
with two dense layers of size 512 or a four-layer convolutional
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neural network (CNN) with a filter size of {32, 64, 128, 256}
followed by spatial softmax [12]. The transition models and
the shared reward decoder follow the design of the encoder
models for state-based modalities. For each neural network in
MVDeepMDP, we apply LayerNorm, followed by the SiLU
activation function.

To compute a joint multimodal latent representation from
the M modalities {x1, ...,xM}, existing solutions [35] use a
Product-of-Experts (PoE). In this approach, the modalities are
equally weighted. The formula for computing the PoE is as
follows:

P (z) =
1

Z

M∏
i=0

p (z|xi) (1)

Hinton et al. [36] pointed out that training the model that
utilizes PoE by maximizing the likelihood is challenging due
to the renormalization term Z. However, assuming a special
case of Gaussian experts pi (z|xi) = N (µi(xi)|Σi(xi)), the
output distribution still remains Gaussian, with mean and
variance defined as follows:

µPoE(z) =
(∑

i

µi(z)Ti(z)
)(∑

i

Ti(z)
)−1

(2)

ΣPoE(z) =
(∑

i

Ti(z)
)−1

(3)

where Ti(z) = Σi(z)−1 is the precision of the i-th Gaussian
expert in z. However, the PoE approach tends to result in the
output distribution being influenced more by highly confident
experts than less confident ones, potentially impacting the
model’s ability to generalize. To address this limitation, we
propose using the generalized Product-of-Expert [5], which
introduces a weighted mechanism to balance the confidence
of each expert:

P (z) =
1

Z

∏
i

pλi(z) (z) (4)

As previously, assuming the Gaussian expert, we define the
gPoE mean and the variance as:

µgPoE(z) =
(∑

i

µi(z)λi(z)Ti(z)
)(∑

i

λi(z)Ti(z)
)−1

(5)

ΣgPoE(z) =
(∑

i

λi(z)Ti(z)
)−1

(6)

The weights λi are parameterized by the function
f (x1, ...,xM ) based on the input modalities. In our
architecture, the feature extraction part of the encoders is
shared with the parameterization function f (x1, ...,xM ). The
obtained weights are normalized using the softmax function to
distribute the importance across available modalities, ensuring
that for each latent dimension

∑
i λi = 1. Having introduced

gPoE, we can formulate a joint latent representation as
zjoint = N (µgPoE (z1, ..., zM ) ,ΣgPoE (z1, ..., zM )) or,
more generally, zjoint ∼ q (zjoint|x1, ...,xM ).

The computed joint multimodal latent distribution serves as
an input observation for actor and critic networks. However,
in the proposed framework, the encoder backbone does not
propagate the policy’s gradient to ensure stable training. For

all neural networks of the RL agent, the same model design
is used, consisting of two dense layers of size 512 with ReLU
activation function.

C. Reinforcement Learning

We model our problem within a standard RL framework [37],
where the interaction between the agent and the environment
is represented as a Markov Decision Process (MDP). At each
discrete time step, the RL agent computes the action at based
on the observed state xt. Following the execution of action at,
the RL agent transitions to a new state xt+1 and receives a
scalar reward value rt that evaluates the quality of the decision
made. The goal of such an agent is to maximize the cumulative
return R =

∑T
t=0 γ

trt throughout the interaction with the
environment, where T is the length of the planned trajectory
and γ ∈ (0, 1) is a discount factor.

This work incorporates Soft Actor-Critic [31] as an RL algo-
rithm integrated within MVDeepMDP due to its effectiveness
in solving continuous action space problems, such as robotic
manipulation. As mentioned above, the observed state xt is
first pre-processed by the encoders. Therefore, the joint latent
representation zjointt ∼ qgPoEφ

(
zt
∣∣x1
t , ...,x

M
t

)
serves as an

input to the RL agent. In SAC, neural networks are used to
represent the soft Q-function Qθ(z

joint
t ,at) and the policy

πθ(at | zjointt ), where θ is a learnable set of parameters. SAC
maximizes entropy to facilitate effective exploration during
training. The neural networks’ parameters are optimized by
given forumlas:

JQ(θ) = E
zjointt ∼qφ,

at∼D

[
1

2

(
Qθ

(
zjointt ,at

)
− yt

)2
]

(7)

Jπ(θ) = E
zjointt ∼qφ,

at∼πθ

[
α log πθ

(
at

∣∣∣zjointt

)
− min
i∈{1,2}

Qθi

(
zjointt ,at

)]
(8)

where D is an experience replay buffer
that stores collected transitions, yt = rt +(

min
i∈{1,2}

Qθ̄i

(
zjointt+1 ,at+1

)
− α log πθ

(
at+1 | zjointt+1

))
denotes the temporal difference (TD) target. Qθ̄ is a target
soft Q-function updated via exponential moving average, and
α is an entropy temperature coefficient.

D. Learning Objective

Our proposed method involves learning a latent repre-
sentation of the multimodal observation space. For each
modality, MVDeepMDP computes a separate latent repre-
sentation

{
z1
t , ..., z

M
t

}
and predicts the transition in the

latent space
{
z̃1
t+1, ..., z̃

M
t+1

}
and the reward rt. Addi-

tionally, we sample the joint latent representation from
zjointt ∼ qφ

(
zjointt

∣∣∣x1
t , ...,x

M
t

)
and the joint transition

z̃jointt+1 ∼ pφ

(
zjointt

∣∣∣z1
t+1, ..., z

M
t+1;at

)
. The components of

the model, which were thoroughly introduced in Section III-B,
are optimized jointly to maximize the variational lower bound
(ELBO [38]). In the proposed method, the bound includes
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Algorithm 1: Multimodal Variational DeepMDP
Initialize model parameters φ, θπ, θQ with random
weights

Initialize replay buffer D
for iteration t = 1, 2, ..., T do

Sample latent variables zjointt ∼ pφ
(
zt
∣∣x1
t , ...,x

M
t

)
Sample action at ∼ πθ

(
at

∣∣∣zjointt

)
Execute action at and observe reward rt and next

state
{
x1
t+1, ...,x

M
t+1

}
Store transition({

x1
t , ...,x

M
t

}
,at, rt,

{
x1
t+1, ...,x

M
t+1

})
in D

Sample a minibatch of transitions from D
Update model network using (11)
Update Q networks using (7)
Update policy network using (8)
Update target networks: θ̄ ← (1− τ)θ̄ + τθ

end

reward reconstruction terms and a KL regularizer for the
transition:

JDYN (φ) =
1

M

M∑
i=0

DKL

(
qφ
(
zit+1 | xit+1

) ∥∥ pφ (z̃it+1

∣∣zit,at))
+DKL

(
qφ

(
zjointt+1

∣∣∣x1
t+1, ...,x

M
t+1

) ∥∥∥ pφ (z̃jointt+1

∣∣∣z1
t , ..., z

M
t ;at

)) (9)

JREW (φ) =
1

M

M∑
i=0

log pφ
(
rt
∣∣zit,at)

+ log pφ

(
rt

∣∣∣zjointt ,at

) (10)

JM (φ) = JREW (φ)− βJDYN (φ) (11)

The parameters of the encoders and transition models are
updated using stochastic backpropagation [34]. The impact
of the KL regulator is controlled by β [39]; in this work, we
set β = 1. The optimization procedure for MVDeepMDP is
outlined in Algorithm 1.

IV. EXPERIMENTS

In HMLV production scenarios, such as the assembly of
a printed circuit board (PCB), it is crucial that automated
machines quickly adapt to new products. Considering robo-
tized solutions that utilize reinforcement learning, such an
adjustment can be achieved via quick training from scratch
or using a method with high generalizability.

To assess transferability, we designed two test scenarios
that reflect potential production use cases. The first scenario
involves the RL agent attempting to insert the electronic part
used during training into insertion places with a varying PCB
layout. The second scenario challenges the RL agents to
perform insertion trials on different types of components.

A. Experimental Setup

We conducted experiments on the laboratory stand described in
the work [32]. This setup contains the Universal Robot UR5e-
series industrial robot, the servoelectric gripper, a 6D F/T
sensor, and a custom-made tool with two vision sensors. The

Fig. 2: Views acquired from the vision system attached to the
robot’s end effector. Left: View 1. Right: View 2.

vision tool is attached to the robot end effector with cameras
oriented at 30◦ to the tool axis. Therefore, the acquired
images are focused on the picked electronic element and the
surroundings near the tip of the tool. The captured raw images
are of size 1024 × 512 pixels in RGB format. To reduce the
computational cost, we downsampled the images to 128× 64
pixels and resized them to 128 × 128 pixels. The samples of
the acquired views are presented in Fig. 2. The parameters of
the admittance control system that controls the industrial robot
remained unchanged.

Within the robot’s workspace, we placed three PCB panels
and a test mockup for 3D printed blocks. The selected PCBs
varied in layout, laminate color, and hole clearance. The target
positions for 3D printed blocks were measured manually, while
the target positions for the PCBs were acquired from the
CAD models. Those positions were projected onto the robot’s
workspace using the fiducial markers. To thoroughly examine
the generalizability of the RL agent, we chose 7 varieties of
electronic parts (Fig. 3a) and 6 types of 3D printed blocks
(Fig. 3b). The selected objects varied in terms of their shape,
appearance, and, in case of the electronic parts, the number
of leads and arrangement of leads. The electronic parts were
placed on the 3D printed trays, from where the industrial robot
picked them throughout the training. The 3D printed blocks
were placed in the test mockup, where the robot was supposed
to insert the electronic parts.

We utilized ROS 2 middleware to control the industrial
robot and operate peripheral devices. Additionally, RLlib was
employed as the software to manage the learning process and
implement the RL agents. All experiments were conducted on
a workstation equipped with an AMD Threadripper 1950X
CPU, 64 GB of RAM, and a single NVIDIA RTX 4070 GPU.

B. Training Procedure

Throughout the training process, the RL agent’s task was
to insert the electronic part type 1 into the corresponding
insertion place. The agent was trained for 50000 steps with
AdamW [40] optimizers, with learning rates of 3e − 4 and
weight decays of 0.01. Based on Bartyzel et al.’s [32] pro-
posal, we used the Ape-X framework [41] to ensure smooth
control of the industrial robot during the training process. This
framework allows asynchronous data collection in relation to
the update steps. With abovementioned settings, the training
process of MVDeepMDP lasted approximately 3 hours, with
noticeable convergence observed after 18 minutes.

In each episode, a component was already grasped and
positioned close to the insertion place on the PCB. As op-
posed to the training process presented in the work [32],
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Fig. 3: Overview of the objects used in the experiments.
(a) Electronic parts. (b) 3D printed blocks.

in our experiments, the initial pose of the robot tool was
sampled from uniform distributions with higher boundary
values: pxynoise ∼ U(−5, 5) mm and ψznoise ∼ U(−15◦, 15◦).
Furthermore, during the initial training phase in this study,
the robot began 2 mm above the surface of the PCB, and this
distance gradually increased to 20 mm as training progressed,
instead of the starting height remaining constant throughout
training.

C. First Test Scenario: Robustness

In this experiment, we evaluate whether our method can insert
elements that were used during training under disturbance
of the background view. The disturbance can be seen as a
differing PCB layout or as a partially assembled PCB. This is
an important feature from a production perspective, especially
in HMLV production lines, where the products are frequently
altered. To provide a comparative evaluation, we benchmark
our method against the following current best methods in the
literature:
SAC [31]: This off-policy actor-critic algorithm serves as a
benchmark for state-of-the-art model-free learning methods.
DrQ [26]: This is an extension of SAC that applies a random
shift augmentation to visual modalities.
SVEA [24]: This is an extension of DrQ that applies addi-
tional random convolution augmentation to visual modalities.
The so-called hard augmentation in SVEA is applied only in
the objective of the critic.

TABLE I: Evaluation results of robustness against background
disturbances.

Success rate [%] Mean time [s]

Layout 2 Layout 3 Layout 2 Layout 3

SAC 4 11 8.94 5.25
DrQ 66 5 4.98 8.93
SVEA 100 100 1.77 1.86
PAD 99 60 2.38 7.89
DeepMDP 100 73 2.07 4.50
DBC 100 99 1.81 2.61

MVDeepMDP (PoE) 95 5 3.60 9.04
MVDeepMDP (gPoE) 100 100 1.81 1.77

(a) (b)

Fig. 4: The PCB layouts used to evaluate the robustness
of the RL agents against background disturbance. (a) Lay-
out 2: Layout with already-assembled surrounding elements.
(b) Layout 3: Layout with different design and hole clearance.

PAD [27]: This is an extension of the actor-critic algorithms
that, through self-supervision, adapts to the test environment.
The self-supervised task is inverse dynamics prediction.
DeepMDP [4]: This algorithm forms the foundation of our
MVDeepMDP. It merges a semi-supervised objective with an
RL agent, training a transition model to predict future latent
representations and a decoder to predict a reward.
DBC [29]: This algorithm learns an invariant representation
based on bisimulation metrics that is directly imposed on the
latent space.
MVDeepMDP-PoE: This is an option of our method that
utilizes PoE instead of gPoE to compute the joint latent
representation of the observed modalities.
For a fair comparison, we used the feature extractor design
outlined in Section III-B for all the algorithms.

The trained policies were evaluated for their robustness to
changes in the background. For each scenario and policy, we
conducted 100 insertion trials. The initial pose at the beginning
of each episode was randomly sampled from a uniform distri-
bution as detailed in Section IV-B. Throughout the evaluation,
we recorded data on the insertion status (success or failure)
and assembly time of the successfully completed trial. Based
on these data, we computed the success rate and averaged the
assembly time for each test case. The results of this experiment
are presented in Table I. It is evident from the results that most
of the methods were effective in inserting electronic parts into
the target place with the background layout shown in Fig. 4a.
This was an expected outcome, as this layout was used during
training, although with additional surrounding components.
However, when it came to inserting components into the PCB
with the layout shown in Fig. 4b, the best performing methods
were identified as MVDeepMDP, DBC and SVEA. In this
case, not only did the color of the PCB’s laminate differ but
also the hole’s clearance, making it a more challenging task.

D. Second Test Scenario: Transferability

Next, we subjected methods against the second test scenario.
This test evaluates the transferability of methods trained with
electronic parts type 1 to other types of electronic parts (see
Fig. 3a). This experiment is more challenging than the previous
one, as the selected test components differ in the number
of leads and the arrangement of leads. In addition to the
overall physical properties of the elements, it is noteworthy
that for each component, there is a specially designed PCB
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TABLE II: Evaluation results of transferability to unseen
object types from the same domain.

Type 2 Type 3 Type 4 Type 5 Type 6 Type 7

Success rate [%]

SAC 6 7 1 15 10 5
DrQ 2 0 28 18 13 27
SVEA 43 95 84 12 68 64
PAD 1 32 81 18 6 52
DeepMDP 4 93 91 81 29 31
DBC 56 97 80 79 90 21

MVDeepMDP (PoE) 35 74 50 42 51 38
MVDeepMDP (gPoE) 87 100 100 98 99 85

Mean time [s]

SAC 8.07 8.71 9.10 8.23 6.34 8.93
DrQ 8.57 9.20 7.38 7.96 8.42 7.56
SVEA 6.43 2.76 3.41 8.41 4.99 5.07
PAD 13.85 10.94 5.09 11.91 13.27 8.17
DeepMDP 9.02 2.54 2.92 4.02 7.43 7.37
DBC 6.04 2.91 3.82 4.31 3.72 8.11

MVDeepMDP (PoE) 7.45 5.10 6.24 6.54 6.57 7.04
MVDeepMDP (gPoE) 3.59 2.15 1.83 2.79 2.13 3.55

layout that can introduce disturbances in policy inference. As
indicated previously, the HMLV production line would benefit
from solutions that can rapidly adapt to new products, thus
minimizing downtime.

Similarly to the first test scenario, we conducted 100 inser-
tion trials for each selected test component and policy and
collected the success rates alongside the average assembly
times. The results obtained are reported in Table II. It is evident
that our method outperformed all the compared algorithms. In
four out of the six test cases, the success rate was nearly 100%
or even reached 100%, while for the remaining two electronic
parts, the success rate was close to 90%. Among the compared
algorithms, only SVEA and DBC achieved relatively high
results. Furthermore, analysis of the recorded assembly times
indicates that our method quickly identified the target position
during the trials, allowing it to produce a correct sequence of
commands.

From the results obtained, it is evident that learning dynamic
representation or incorporating additional hard augmentations
during training significantly improves the transferability to
other types of electronic parts. While soft augmentations
such as shift improve the algorithm’s sample efficiency, they
do not improve its generalization capability. In addition, an
intriguing finding is the performance of the PAD algorithm,
which performs adaptation during deployment. However, the
metrics indicate that learning the inverse dynamics alone is
not sufficient for effective adaptation in the insertion task.

E. Analysis of the gPoE Balancing Effect

To assess the impact of the gPoE balancing mechanism on
generalizability, we utilized t-distributed Stochastic Neighbor
Embedding (t-SNE) [42] to clusterize the multimodal latent
representation of MVDeepMDP and its PoE counterpart.
t-SNE is a method that transforms high-dimensional Euclidean
distances into conditional probabilities, capturing similarities
between adjacent data points. We categorized the clusters
according to the electronic parts described in Fig. 3a. The

gPoE PoE

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type 7

Fig. 5: t-SNE visualization of the learned latent representations
for each electronic part.

TABLE III: Transferability to objects from a different domain.

Block 1 Block 2 Block 3 Block 4 Block 5 Block 6

Success Rate [%] 100 100 100 100 100 100

Mean Time [s] 1.79 2.42 1.68 1.93 1.89 1.82

resulting visualization is shown in Fig. 5. We immediately
observed that the clusters generated from the multimodal
latent representations obtained by the PoE represent electronic
parts. Upon closer inspection, we noticed that certain clusters
overlap, indicating potential shared representations. However,
in the case of the multimodal latent representation acquired
from the gPoE, the t-SNE output resembled a single cluster
without a distinct separation of the components. Therefore,
this observation led us to conclude that the weight-balancing
mechanism improves the capacity to learn task-relevant fea-
tures, a critical factor in achieving generalization.

F. Transferability to Other Domains

In previous experiments, MVDeepMDP demonstrated its ef-
fectiveness in transferring the learned policy to new objects
within the same domain, which is particularly useful for
HMLV production lines where elements of the same type are
frequently changed. However, there are cases where automated
machines on production lines may need to handle objects
from entirely different domains. To evaluate MVDeepMDP’s
transferability to such scenarios, we conducted an additional
experiment. In this experiment, the RL agent trained to insert
electronic part type 1 was tested by inserting 3D-printed
blocks. The results of this experiment are presented in Ta-
ble III. Our method successfully inserted all the blocks, with
a mean assembly time ranging from 1.68 s to 2.42 s. It is
worth noting that the clearance of the insertion place for the
3D-printed blocks was larger than that for the electronic parts.
Nonetheless, the results indicate that MVDeepMDP could be
effectively adapted to the new domain, demonstrating its high
transferability.

G. Impact of Independently Processing State-based Modalities

In the context of training RL agents for robotic tasks, it
is a common approach to concatenate state-based modali-
ties, such as pose and 6D F/T data, into a unified vec-
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tor and preprocess them using a single feed-forward neu-
ral network. However, due to the disparate nature of such
modalities in representing physical quantities, some features
may not be effectively captured during training. To overcome
this challenge, Haffner et al. [30] suggested preprocessing
the concatenated state-based modalities with the function
symlog(x)

.
= sign(x) ln (|x|+ 1) before inputting them into

the feed-forward neural network. This function is designed
to scale down the magnitude of physical quantities that are
represented by large values, such as force data.

In our final experiment, we examined the impact of pro-
cessing state-based modalities separately on the performance
of MVDeepMDP. The MVDeepMDP model was trained
with the following variations: (1) separate processing of all
modalities, (2) concatenation and joint processing of state-
based modalities, and (3) concatenation and joint processing
of state-based modalities with the symlog. The results are
illustrated in Fig. 6. Based on the training results, we can
observe that the MVDeepMDP trained with independently
processed state-based modalities converged in approximately
6000 steps, while the other two variations required more than
10000 steps to achieve similar performance. Subsequently, we
assessed the trained models using the test scenarios outlined in
Section IV-D. It is evident that variants utilizing concatenated
state-based modalities achieved significantly lower success
rates compared to the proposed approach. This indicates
that independent preprocessing of state-based modalities of
different physical quantities is advantageous in extracting
meaningful features, thereby improving the performance and
transferability of the RL Agent.

V. CONCLUSIONS

In this work, we introduced a novel approach called Multi-
modal Variational DeepMDP, which is specifically designed to
enhance the transferability of RL agents in HMLV production
lines. The proposed method can be viewed as an extension
of DeepMDP for multimodal observation. This model is opti-
mized through learning multimodal latent dynamic representa-
tion and predicting rewards. We employed gPoE to efficiently
compute the joint multimodal latent representation, which then
served as input to the RL agent. A series of experiments
demonstrated the effectiveness of MVDeepMDP in transfer-
ring the learned policy to new objects from the same domain as
the training objects, as well as to objects from entirely different
domains. The results showed that MVDeepMDP significantly
outperformed state-of-the-art methods in terms of its gener-
alization capacity. Furthermore, we thoroughly investigated
the impact of the balancing mechanism of the gPoE mixing
technique and the importance of separately preprocessing
state-based observations. The results clearly showed that the
proposed improvements in our work significantly enhance the
generalization capacity of RL agents.

For future work, we plan to assess our solution in a
prototype stand that is integrated into the production line. This
will allow us to collect feedback for potential improvements.
Additionally, we would like to expand MVDeepMDP to other
contact-rich tasks, such as object grasping or robotized sol-
dering. An interesting area for further research would involve
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Fig. 6: Comparison of methods for processing state modalities
of different physical quantities. Top: Training results. Bottom:
Test results from the second test scenario.

exploring the effects of additional objectives aimed at maxi-
mizing mutual information between modalities or integrating
with recurrence networks.
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