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Abstract

Deep Reinforcement Learning (DRL) is a powerful framework for solving complex se-
quential decision-making problems, particularly in robotic control. However, its practical
deployment is often hindered by the substantial amount of experience required for learning,
which results in high computational and time costs. In this work, we propose a novel
integration of DRL with semantic knowledge in the form of Knowledge Graph Embed-
dings (KGEs), aiming to enhance learning efficiency by providing contextual information
to the agent. Our architecture combines KGEs with visual observations, enabling the
agent to exploit environmental knowledge during training. Experimental validation with
robotic manipulators in environments featuring both fixed and randomized target attributes
demonstrates that our method achieves up to 60% reduction in learning time and improves
task accuracy by approximately 15 percentage points, without increasing training time or
computational complexity. These results highlight the potential of semantic knowledge to
reduce sample complexity and improve the effectiveness of DRL in robotic applications.

Keywords: deep reinforcement learning; semantic knowledge; robotics; sample efficiency

1. Introduction

Deep Reinforcement Learning (DRL) [1,2] is now consolidating as one of the most
promising solutions for solving complex sequential decision problems where an agent
interacts with its environment. While previous reinforcement learning (RL) [3] is limited by
its memory and computational capabilities, DRL overcomes these limitations by leveraging
the potential of deep learning for function approximation and representation learning in
high-dimensional state spaces [4,5].

The application of DRL to tasks performed by robotic manipulators has broadened
the scope from mostly repetitive jobs in fixed scenarios to tasks in changing environments
with potentially unknown dynamics [6-9]. One of the major disadvantages of DRL is the
extensive amount of experience, i.e., interactions between the agent and the environment,
required for learning. It should also be noted that the greater the complexity of the environ-
ment, the more experience is needed. Virtual environments can be used to reduce the time
and economic cost of overruns. By modeling assets in virtual scenarios, the sample efficiency
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problem is mitigated, as experience is acquired more quickly in simulators. However,
the issue of the sheer amount of experience required remains.

As Figure 1 presents, we propose integrating contextual information about the envi-
ronment within the agent’s learning architecture to address the sample efficiency issue
and enhance the agent’s performance. Our main motivation is that any learning process,
especially in DRL setups, should improve if the agent has knowledge about the environ-
ment that complements its observations. As already shown in [10], providing some basic
semantic structure to the agent can speed up its learning. Ultimately, we argue that this
approach introduces common sense as semantic knowledge without additional complexity
cost, with only a slight increase in the computational time. The environment’s semantic in-
formation is obtained from a pre-built knowledge graph, where we extract the embeddings.
After the representation learning layers, these embeddings are concatenated as inputs in
the agent’s architecture. To sum up, our main contributions and findings are the following:

*  An original DRL agent architecture that successfully integrates Knowledge Graph
Embeddings (KGEs) during the learning process. We modify the baseline layers to
allow for concatenating the KGEs with the hidden activations from the “visual layers”.

* A methodology to quantify the improvement of the DRL agents’ performance, in terms
of time and accuracy, through the use of KGEs with respect to a baseline agent with no
semantic information of the environment and an agent with only partial information.

¢ Ananalysis of the possible improvement of the agents” exploration and exploitation ca-
pabilities by examining the distribution of each joint orientation during the evaluation
episodes.

¢ A quantitative and qualitative evaluation of the embedding’s influence in different
environments and with various robot manipulators.
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Figure 1. Proposed framework diagram. A subgraph selector is used to extract the important
entities and relationships based on the environment from a complete graph. This subgraph is
embedded and concatenated in the layer prior to the policy approximation blocks of the DRL agent
architecture. The result is an improvement in learning times and accuracy and a reduction in the
required exploration.

The paper is structured as follows: Section 2 presents the related work and Section 3 de-
fines the experiments conducted, the setup employed, and the MDP designed. In Section 4,
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we describe the methodology followed for the knowledge graph and embedding obtention,
as well as the Deep Reinforcement Learning framework; that is, the algorithm used and
our architecture, besides the corresponding training and post-training evaluation proce-
dures. Section 5 gathers the results discussed in Section 6. Section 7 focuses on describing
shortcomings and open issues related to our approach, and finally, Section 8 sums up the
most relevant insights obtained with this research.

2. Related Work

To leverage the capability of robots to interact with the physical world, robot learning
has emerged as a major research area [11]. Progress in deep learning has contributed signif-
icantly to advancements in robot learning, particularly when state representation includes
images [12]. A variety of algorithms have been developed for robot learning, with re-
inforcement learning and imitation learning remaining the dominant approaches [13,14].
To facilitate the comparison of different reinforcement learning algorithms, numerous
benchmarks have been introduced. For instance, some benchmarks focus on specific tasks
such as door opening, furniture assembly, and in-hand dexterous manipulation [15]. Others,
like those in [16,17], offer diverse environments but lack long-horizon tasks and lack of
background knowledge. Background knowledge has been successfully deployed when
dealing with natural language action space, to reduce the search space [18,19], but not
extensively applied in the field of robotics.

Recently, common sense has been integrated into the RL pipelines to enrich the
representation of the environments. With the advent of the LLMs, a taxonomy of the
combination of the two fields of study has been proposed in [20], where three classes are
defined based on the way that the two model types interact with each other. An LLM can
be used to supplement the training of an RL model that performs a general task that is not
inherently related to natural language, as LLM4RL states.

Here, the semantic knowledge of Large Language Models (LLMs) is leveraged to
enhance the performance of reinforcement learning (RL) agents [21]. This enhancement
can occur in two primary ways: by grounding the agent’s environment to improve its
performance [22-24], or by improving the training process of the RL agent. Training an
RL agent is often computationally intensive and requires significant resources and large
amounts of data. Moreover, RL training can suffer from inefficient sampling, particu-
larly for complex, long-term tasks. Consequently, several LLM4RL frameworks aim to
enhance training efficiency, ensuring the successful execution of target tasks during testing.
They achieve this by facilitating exploration [25,26], enabling policy transfer of trained
models [27], and implementing effective planning to reduce data requirements.

The role of a large-scale model in helping an RL agent is discussed in [28], where
the authors investigate how to combine these complementary abilities in a single system
consisting of three parts: a Planner, an Actor, and a Reporter.

In the learning process of a grasping task, it has been demonstrated how generating
natural human grasps needs to consider not only the object geometry, but also semantic
information. In fact, in [29], a semantic-based grasp generation method, termed Sem-
Grasp, generates a static human grasp pose by incorporating semantic information into the
grasp representation.

If LLMs offer an invaluable opportunity to provide semantic information, it is also true
that they can be demanding in many applications. To this end, we adopted a lighter
architecture, using graphs. Semantic knowledge can successfully be stored in graph
representations and manipulated using Knowledge Graph Embedding techniques and pre-
trained models. Some pioneering work has employed research-rich reinforcement learning
(RL) techniques to address graph mining tasks. In [30], a unified graph reinforcement
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learning (GRL) formulation is proposed. However, most existing formulations struggle
to effectively integrate groups of semantically related nodes within the RL paradigm. On
the other hand, far from the RL field, a semantic representation framework based on a
knowledge graph has been demonstrated to be suitable as a method to extract manipulation
knowledge from multiple sources of information [31] and guide the agent to generate
semantic representations of entities and relations in the knowledge base.

We propose to leverage the semantic knowledge of a lightweight graph representation
to improve sample efficiency and agent performance in terms of time and accuracy. Our
architecture provides additional contextual information about the environment, which
complements the agent’s observations, leading to faster learning and higher accuracy,
compared to baseline models without knowledge graphs.

3. Environment Setup
3.1. Experiment Description

The task addressed involves using a robotic arm to approach three targets (e.g., a mug,
a bottle, and a cereal box) that move randomly in the workspace area between episodes.
The robot’s end-effector should reach the grasping point within a distance of 5cm dur-
ing training and 10cm during the post-training evaluation, with a specific orientation.
The training orientation threshold is £15°, whereas in the post-training evaluation, it is
£20°. The placement of the reachable point and the gripper approach orientation depend
on the target. The environment observation is a 64 x 64 x 3 RGB image without additional
proprioception information. We performed the experiments in simulation to enable a
thorough analysis of the proposed approach and to allow for total control of all the external
drivers that might affect the agent’s performance. In this way, we ensure total control of all
the external drivers that might decrease the agents” performance.

3.2. Setup Description

Two robots have been used in this research: on the one hand, the TIAGo from PAL
Robotics [32], a 7-DoF mobile manipulator equipped with a two-finger gripper and mainly
designed for human-robot interaction; on the other hand, the IRB120 [33] from ABB, a 6-DoF
industrial robotic arm also with a two-finger gripper end-effector. The virtualization of
both assets has been carried out through the MuJoCo [34] platform. The arena is the same
for both robots. Due to the morphology of the TIAGo arm and to facilitate the reach, it was
necessary to add a table that allowed us to place the objects at a greater height in the robot’s
workspace. Figure 2 displays the virtual environment for the TIAGo and IRB120 models.

The targets are represented by three graspable objects: a mug, a bottle, and a cereal
box. Figure 2 shows the reachable spots for the three targets. We present the grasping point
as a black sphere for better understanding of the reader, but in the observation received by
the agent, it is not shown. Moreover, Figure 2 illustrates the orientations of the grasping
point axes that the grippers must align with, where the x coordinate is red, the y coordinate
is green, and the z coordinate is blue. In the case of the mug, the grasping point is placed
on its handle within an inclined orientation with respect to the base plane. For the bottle,
we placed the grasping point on the stopper perpendicular to the base plane. Lastly, in the
cereal box, the grasping point is set on the right-hand-side edge, parallel to the base plane,
above half its height. For the experiments without domain randomization (DR) applied
to the targets” color, the mug is red (RGB code (1.0, 0.0, 0.0)), the bottle is yellow (RGB
code (1.0, 1.0, 0.0)), and the cereal box is brown (RGB code (0.55, 0.27, 0.07)). When we
experiment with DR applied to the targets’ color, the mug can be red or blue (RGB code (0.0,
0.0, 1.0)), the bottle yellow or purple (RGB code (0.4, 0.0, 0.9)), and the cereal box brown or
light-blue (RGB code (0.5, 0.7, 0.9)).
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Figure 2. Environment observation with the three targets for the TIAGo and IRB120 scenarios.
Note that we have added a black sphere on each grasping point for convenience. During training,
the resolution is 64 x 64, and the sphere does not appear. The site axes correspond to the x coordinate
in red, the y coordinate in green, and the z coordinate in blue.

3.3. MDP Definition

DRL problems can be defined as Markov Decision Processes (MDPs), which are
characterized by a set of finite states, actions, a state transition probability matrix, a reward
function, and the discount factor. Table 1 gathers the MDP definition of our problem.
The state is a 64 x 64 x 3 RGB image captured at the beginning of each step. We use
an episodic setup where each episode lasts 50 steps or less if the robot’s gripper reaches
the target within the rewarding distance and orientation. The reward given to the agent
depends on the relative distance and orientation between the gripper and the grasping point.
If the target is not reached, the agent receives a negative reward, whereas if it is, it receives a
high positive value, as shown in Table 1, and the episode ends. The action set is formed by
seven possible actions that scale the maximum joint movement range (Maximum Position
Increment—MPI). At the beginning of the episode, the first and second joint orientations
are set randomly within £15% of their working range. Additionally, before starting the
episode, one of the three targets is selected and placed randomly following a uniform
distribution within the workspace area, which is a 20 x 25 cm rectangle for the TIAGo
environment and a 60 x 20 cm rectangle for the IRB120 setup.

Table 1. MDP definition. relg;s; and relge, represent the relative distance and degrees between the
gripper and the grasping point. MPI is the Maximum Position Increment. WRLL and WRUL are the
Working Range Lower Limit and the Working Range Upper Limit of the robots. The target position is
selected according to a uniform distribution.

MDP Definition

Ep. Length 50 steps maximum

—2xrelq, — relgeg /70

R d confi i
cware contigtiration 100 if grasping point reached

relgist < 5cm
relgeg < 15°

0

+MPI
£+MPI/10
£+MPI/100

U(15%WRLL, —15%WRUL)
for joints 1 and 2

Reward constraints

Action set

Initial robot config

X~ u<xminr xmax)

Initial target config Y ~ U(Ymin, Ymax)
~ mins Ymax
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4. Methodology
4.1. Knowledge Graph and Embeddings

To provide external knowledge to the learner, we extracted contextual information of
the scene from a knowledge graph G. Then, we embedded the information in a latent space
in the form of Knowledge Graph Embedding (KGE).

The objective of the KGE is to learn a continuous vector representation of a knowledge
graph G, which encodes vertices that represent entities £ as a set of vectors vg € RI€|*dz
(where d¢ is the dimension of the vector of entities £), and as a set of edges which represent
relations R as mappings between vectors Wy € RIRIX4=, where dy is the dimension of the
vector of relations. The knowledge graph G is composed by triples (I, r,t), where h,t € £
are the head and tail of the relations, while r € R is the relation itself. One example of such
a triple is (mug, hasColor, yellow).

We initially used ANALOGY as a direct embedding model. Since we need to have a
semantic representation of the scene of the agent, we defined a unified semantic embedding
that is extracted by introducing an operator I' that, given a graph G’, selects the subgraph
S from the larger knowledge graph G (S C G). This subgraph S contains all the nodes
representing the objects that the agent is perceiving and the node at distance 1 from them.
resulting in all relevant entities and their relationships pertinent to the specific scene the
agent is interacting with. For instance, if the scene includes a mug, a bottle, and a cereal
box, the subgraph S will contain nodes representing these objects and edges denoting
their relationships with other nodes (e.g., (mug, hasColor, red), (mug, isConnectedTo, handle),
(bottle, hasShape, cylindrical), (cereal box, isMadeOf, cardboard)). From the subgraph, a textual
representation is obtained by concatenating the labels of the nodes and the edges in a single
sentence. The sentence is then converted into a single embedding representing the scene.
To effectively capture the semantic nuances of the scene, we replaced ANALOGY with a
pre-trained embedding model, GloVe [35]. With GloVe, we generated a single embedding
for the scene. The use of a pre-trained model on a large corpus ensures that the resulting
vectors capture a wide range of semantic nuances. The dimension of these embeddings is
set to 10 x 4 per word, allowing for a rich representation of the subgraph’s content.

The resulting GloVe-based embeddings are then integrated into the learner’s architec-
ture. In our proposed setup, the embeddings are concatenated with the hidden activations
from the visual observation layers before the policy approximation block. This strategic
placement allows the DRL agent to utilize both the raw visual data and the rich contextual
information provided by the embeddings, enhancing its ability to understand and interact
with the environment.

4.2. Deep Reinforcement Learning Framework
4.2.1. Asynchronous Advantage Actor Critic (A3C)

For the sake of clarity, we first recap the concepts and terminology used to describe
DRL. Model-free DRL includes value-based and policy-based approaches. The former are
methods that learn either the estimation of the expected discounted cumulative reward,
represented by the state-value function, V7 (s), or the estimation of the expected discounted
cumulative reward for taking action a in state s at step ¢, defined with the action-state value
function, Q7 (s, a) whose definitions are

V™(s) =E,
t=0

2 ’th’t+1 | st = 5] 1

Q" (s,a) =E,
t=0

o0
Z Y1 | si=s,ar=a (2)
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where [E; is the expectation following policy 7, 7y is the discount factor, 7,1 is the reward
received at the time step t + 1, and s; is the current state.

The latter are algorithms seeking to maximize the discounted cumulative reward,
but directly learning and optimizing the parametrized policy 7t(s|a; 0) [3].

A3C [36] is a policy-based method, with the particularity that the actor optimizes the
policy, and, at the same time, the critic estimates the state-value function. A3C allows for
the deployment of several agents that run in parallel, each with a unique environment
instance, and asynchronously, they update a shared global network. This guarantees stable
and efficient learning, reducing the correlation between the experience gathered by the
instantiated agents. As shown in [37-39], A3C is a good alternative for discrete action
spaces and high-dimensional state spaces.

Regarding the learning process, A3C uses the Advantage Function, A(s,a) = Q(s,a) — V(s),
to measure the goodness of an action. This function can be approximated by estimating the
value of the current state, the reward, and the discounted value of the next state. This is the
Temporal Difference error, or TD error at t:

50 =) £ 4V (s141;0) — V(sy;0) 3)

where V(s¢; 0) is the estimated value of s; given the policy parameters 6. To smooth this
estimation, we use the General Advantage Estimator (GAE):

Alhe = A 480 0
where Agle is the GAE at time step t, and A is the trace decay factor that controls the

bias—variance trade-off. On the other hand, the loss is defined as the sum of the Policy Loss
and the Value Loss, defined as

Pioss = — 3 (log 7t(asilsys0) - ALk — BH(7(51;6))) ©)
i
where i iterates over actions at ¢, 7(ay;|s;; 6) is the probability of taking a;, B is the entropy
regularization weight, and H(7t(s¢; 6)) is the policy entropy.

Vioss = %Z(Rt - V(St}e))z (6)
t

where R; is the n-step return at .

4.2.2. Proposed Architecture

Figure 3 shows the proposed architecture. The state representation layers are defined
by a convolutional layer CNN; with 3 x 3 kernel and stride 4, and another convolutional
layer CNN;, with 5 x 5 kernel and stride 2. Both layers have at the end a non-linear f
implemented through the ReLU function, f(x) = max(0,x). The policy approximation
block is formed by a 1152 x 128 fully connected layer (FC), a Long Short-Term Memory
(LSTM), whose capacity depends on the size of the integrated KGE. Since the agent com-
mands the orientation of each robot joint, the A3C actor layers are n FC layers, where # is
the number of robot joints, i.e., 7 for the TIAGo and 6 for the IRB120. The dimension of the
n FC blocks is determined by the discrete set of actions, which has seven actions per robot
joint (Table 1). We use the softmax function to convert the activations into probabilities.
Therefore, the actor outputs are n 7-dimension arrays that contain the probability associated
with each action. Finally, the A3C critic is a single FC layer that estimates the value of
V(s). We will refer to the baseline agent or baseline model (BM) as the agent trained
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under this architecture with just the RGB image. It will serve as a reference to quantify the
improvement obtained by integrating the KGE.

The originality of our proposal lies in the integration of embeddings coming from a
graph containing some environment semantic information. This new input, which does not
change throughout the training, might be placed next to the policy approximation blocks,
since it should complement the state representation from the “vision” layers. Therefore,
the most appropriate place to integrate the KGE is before the LSTM layer, linking the
embeddings to the activations coming from the FC. The FC layer receives the representation
coming from the CNNs and provides a higher abstraction level. The size of the embed-
dings and, consequently, the size of the LSTM will depend on the case study. In general,
the embedding concatenated is a 150-dimension array, except for the one used when DR is
applied to the targets’ color, which is a 300-dimension array. As a result, the LSTM size will
be 128 when no KGE is integrated, 428 when the KGE includes all the information from the
randomized targets, which is an assumable size for our architecture, and 278 otherwise.

State Representation Layers Policy Approximation Layers
’ y Output
16 Fll'ters 32 Flllters size = 128 Output size = 7
Kernel size = 8 Kernel size = 5 Output size

Stride = 4 Stride =2

f
{ CNNy }—»[ CNN;

A

G & 3 KGEFuI_NoDR sizg =150
IEI Node Selector KGE |KGEpartial o size =150
- KGEgy pr size =300
RGB image Original =
64x64x3

Graph KGEpartial_pR Size = 150

FCoutputsize + KGEsize

Flatten
C
I

Knowlege Graph Layer Adapter

Figure 3. Proposed A3C architecture to integrate KGEs in the DRL agent’s learning process. The KGE
size depends on the number of features encoded. The output is divided into seven actors for the
TIAGo and six for the IRB120, plus the critic value.

4.2.3. Training Procedure

We train the models for 70 million steps using the A3C algorithm. We use a random
orthogonal initialization for all the layers. Based on the computational resources available,
the number of asynchronous agents instantiated is seventeen plus one for the interim
evaluation. This interim evaluation happens every 50,000 steps during training, and it
assesses the global shared model for 40 episodes. These episodes keep the same 40 initial
configurations, i.e., robot and target poses, across all the interim evaluations. At the
beginning of each episode, a target is selected and placed randomly within the workspace
area. The non-selected targets do not appear on the image. The rewarding distance is 5cm,
and the allowed orientation deviation is +15°.

The optimizer selected was the Root Mean Square Propagation (RMSprop) [40].
The values of the most relevant hyperparameters are learning rate le~*, discount factor (7)
0.99, entropy weight (8) 0.01, trace decay (A) 1, and RMSprop decay 0.99.

4.2.4. Post-Training Evaluation Procedure

After the training process, we select the best model according to the average return
obtained in the interim evaluations. Then, we perform a post-training evaluation across
1000 episodes with a different seed and initial robot and target poses from the ones used dur-
ing training. The rewarding distance and allowed orientation deviation in the post-training
evaluation are 10 cm and +17°, respectively. We modify these training constraints because
we believe that training in more restrictive circumstances yields better post-training results.
In the assessment, we calculate the mean and standard deviation (Std) return, the mean
and Std episode length, the mean, Std, and maximum failure distance, and the accuracy.
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In our context, we understand accuracy as the percentage of successful episodes where the
robot reached the target within the required distance. We formulate the accuracy as

YN, I(dist; < 10cm)

Accuracy (%) = N

x 100 (7)

where N is the total number of evaluated episodes, dist; is the relative distance between
the gripper and the target in the i*" episode, and T is the indicator function.

4.2.5. Experiment Description

To analyze the influence of KGE in the learning process of a DRL agent, we present
two sets of experiments. We first train three agents in an environment where each target
has one possible color. The difference between these agents is the information we provide
through the KGE. The BM agent has no KGE integrated. Then, there is an agent with only
partial knowledge about the targets, just the object type (partial KGE). Finally, there is an
agent with a complete description of the target type and color (full KGE).

In the second set of experiments, we decided to increase the complexity of the problem
by introducing DR to the target color. Each object has two possible colors (Section 3)
selected randomly at the episode beginning after the target choice and its placement. As in
the first set, we train three different agents. A BM agent with no KGE, an agent with the
partial KGE that contains only the object type, and an agent with the full KGE that has the
object type and the possible colors per object.

We complement both groups of experiments with a quantitative and qualitative
analysis of the joints’ angles distribution to research how the exploration and exploitation
capabilities of the agents might be affected by the KGEs.

5. Results
5.1. Experiments Without DR

Figures 4 and 5 show the training results in the environment with invariant features
for the TIAGo and IRB120 robots, respectively. In the case of TIAGo, Figure 4 shows that
the agent trained with the complete KGE learns faster and remains with a higher return
than the agent trained with the partial KGE. In the first case, the best model is achieved at
48 M steps and has 72% accuracy, whereas in the second, it is at 36 M steps and has 70%
accuracy. On the other hand, the differences with the BM in terms of learning speed and
accuracy are higher. Although both agents reach the same steady regime, the best BM is
at 60 M steps, and its accuracy is 60%. Hence, the improvement gain using KGE under a
setup with invariant features is 12 percentual points.

Regarding the IRB120 robot, Figure 5 shows that, although there is a larger difference
between the full KGE and the partial KGE trendlines, the accuracies of the best models are
92% and 91%, respectively. They are obtained in the 60 M step and the 59 M step. On the
other hand, comparing the results with the BM, we notice that its learning is slower than the
agent with the full KGE, which stands above the BM during the process. The performance
of the BM best agent, which occurs in the 60 M step, reaches 80% accuracy. Therefore,
the accuracy improvement in this setup without DR is also around 12% when using the
KGE as an addjitional input to the model.
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Figure 4. Training curves of the agents trained with the TIAGo and fixed targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.

IRB120 robot without DR
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Figure 5. Training curves of the agents trained with the IRB120 and fixed targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.

Lastly, the plots in the first column of Figure 6 show the joints” angles distribution
for the TIAGo, while the Figure 6 second column graphs represent the IRB120 joints. We
compare the distributions of the full KGE agents, represented in blue, with the BMs, shown
in orange. The selected joints for the TIAGo are joints 3 and 4, and for the IRB120, they are
joints 2 and 3. These joints were selected because they are the ones that present meaningful
differences in the distribution of their values, which is interpreted as an improvement in the
agent’s ability to learn more straightforward the right policy. TIAGo’s joint 3 experienced a
slight reduction in the standard deviation of 0.01 points, but a significant mean variation.
TIAGO’s joint 4, however, has a large standard deviation decrease of 0.21 points and a
mean shift. Moreover, the distribution changes to a bimodal shape, which might indicate
some change in the agent’s policy. In the case of IRB120, joint 2 has a standard deviation
decrease of 0.02 points, as well as joint 3, which also presents a relevant mean difference in
the distributions.
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Joint Angle Distributions
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Figure 6. Joint angle distributions for the best full KGE agent (blue) and the best BM agent (orange),
without DR. The first column corresponds to the TIAGo and the second to the IRB120. The selected
joints for TIAGo are joints 3 and 4, and for the IRB120, they are joints 2 and 3.

5.2. Experiments with DR

Figures 7 and 8 present the training curves for the three models trained in the TIAGo
and IRB120 setups when the targets’ colors change along the training episodes. For the
first scenario, we spot that the best model of the agent with the full KGE achieves 79%
accuracy, higher than the 62% obtained by the agent with the partial KGE, and the 63% of
the BM. Additionally, we can see that the learning is faster, and as a result, the best model is
obtained at the 24 M step, earlier than in the partial KGE model, which happens at the 59 M
step, and in the BM, at the 57 M step. Therefore, we see that the overall improvement of
using a complete KGE with the target type and color in a setup where this last feature can
change is around 16% with respect to the BM, and it is achieved in half of the training time.

In the scenario with the IRB120 robot, the agent with the complete KGE learns faster
and yields higher than the BM. Whereas the first one reaches 86% accuracy in the 24 M
step, the latter attains 76% in the 56 M step. If we compare the results with the model with
partial KGE, it obtains 87% accuracy in the 43 M step, a comparable success rate. Table 2
collects the accuracy results of the trained agents.

TiaGO robot with DR
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Figure 7. Training curves of the agents trained with the TTAGo and DR on the targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.
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Figure 8. Training curves of the agents trained with the IRB120 and DR on the targets’ colors. The blue
curve is the full KGE model, the green is the partial KGE, and the orange is the BM. The training
process lasts for 70 M steps.

Table 2. Experiments made to analyze the KGE influence in the DRL agent learning process, using
TIAGo and IRB120 robotic arms. There are two sets: without DR and with DR. Each set includes
three types of agents: BM, partial KGE, and full KGE.

Experiment Set  Robots Agent Type Accuracy % Best Model Step
BM 60% 60 M
TIAGo Partial KGE 70% 36 M
Without DR Full KGE 72% 48 M
BM 80% 60 M
IRB120 Partial KGE 91% 59M
Full KGE 92% 60 M
BM 63% 57 M
TIAGo Partial KGE 62% 59M
Full KGE 79% 24M
With DR
BM 76% 56 M
IRB120 Partial KGE 87% 43M
Full KGE 86% 24 M

Figure 9 exhibits the joints” angle distributions for the TIAGo and IRB120 models
with DR. For the TIAGo, the most significant results appear on joints 2, 4, and 5. They
are displayed in Figure 9’s first column. In all of them, the full KGE agent, the blue
curve, presents lower standard deviation values on the joints” distributions than the BM,
the orange curve. In the case of joint 2, it decreases by 0.03 points, 0.04 points in joint 4,
and 0.11 points in joint 5. For the IRB120, we analyze joints 1, 2, and 4, shown in Figure 9’s
second column. As in the TIAGo, the agent with the complete KGE, the blue plot, has less
standard deviation than the BM, the orange curve. This reduction is of 0.05 points in joint 1,
0.07 points in joint 2, and 0.12 points in joint 4. We decided not to include the result of the
other joints because it does not present a significant change.

Figures 10 and 11 illustrate the differences commented about the joint angle distri-
bution depending on the presence or absence of semantic knowledge. As shown, the BM
agent requires more intermediate movements from the beginning of the episode to reach
the intermediate position where fine orientation and approach adjustments are made to
grasp the target. In contrast, the agent equipped with the complete KGE typically reaches
the grasping point more directly and with a more favorable pre-alignment, allowing for a
smoother and more efficient approach. As Figure 11 shows, in steps 4 and 5 of the episode,
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the KGE agent has already reached the mug, and it is rotating the gripper to align it with the
affordance point. Both episodes ended up successfully, but the BM agent needed 34 steps,
while the full KGE agent needed only 20 steps.

Joint Angle Distributions
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Figure 9. Joint angle distributions for the best full KGE agent (blue) and the best BM agent (orange),
with DR. The first column corresponds to the TTAGo and the second to the IRB120. The selected joints
for TIAGo are joints 2, 4, and 5, and for the IRB120, they are joints 1, 2, and 4.

4

Figure 10. TIAGo initial movements in the BM agent (a) and the full KGE agent (b) when DR is

applied in the environment.
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Figure 11. TIAGo initial movements in the BM agent (first row) and the full KGE agent (second row)
when DR is applied in the environment. During the first steps of the episode, the KGE agent needs

L

step 2
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fewer steps to approach the object and reach a more suitable affordance orientation. Both episodes
finished successfully, the BM agent in 34 steps and the full KGE agent in 20 steps.

5.3. Robustness of the Results

To statistically assess whether the observed differences in performance across models
were significant, we conducted a one-way Analysis of Variance (ANOVA) on the success
rates of each pair of models: TIAGo/IRB120 with DR or without DR for the full KGE agent
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and the BM agent. Each model was evaluated over 30 independent runs, each initialized
with a different random seed, and each run consisted of 100 episodes. The null hypothesis
(Hp) assumes that the mean success rates of the two models being compared are equal,
i.e., any observed differences are due to random variation.

The results are gathered in Table 3. For the TIAGo robot, in the environment where
DR is applied, the success rate of the full KGE agent was significantly higher than for the
BM agent. Similarly, in the standard setting, the full KGE agent outperformed BM with
statistical significance. For the IRB120 robot, the differences were also pronounced: under
DR, the full KGE agent achieved significantly higher success rates than BM agent, and in
the standard setting, the KGE agent again significantly outperformed the BM agent. These
results confirm that the proposed KGE models consistently achieve superior performance
compared to the BM across both robots and training conditions, with statistically significant
margins. The high F-values and extremely low p-values indicate that the between-group
variance greatly exceeds the within-group variance, supporting the robustness of the
observed performance differences and justifying the rejection of the null hypothesis in
all cases.

Table 3. One-way ANOVA results comparing KGE and BM agents for each robot and training setting
(with and without domain randomization). Each result is based on 30 evaluations with different
seeds, each consisting of 100 episodes.

Experiment Set Robot F-Value p-Value
. TIAGo 16.47 <0.001
Without DR IRB120 150.88 <1x10-17
, TIAGo 247.14 <1 x 10~
With DR IRB120 111.08 <1x 10714

6. Discussion

According to the results presented, we can say that, in general, the TIAGo’s agents
achieve less accuracy than IRB120’s because their environment is more challenging. We
argue that the morphology of the arm, the fact that it has one more DoF than the IRB120, its
reach, and its color are factors that increase the complexity of the problem, although the
task is the same.

In the experiments carried out with the TIAGo and with the IRB120 without DR,
we consistently observed an improvement in the transitory regime and a decrease in the
learning process time. For the TIAGo, there is an improvement of 25% in the learning
time between the full KGE agent and the BM. In the IRB120, although the best models are
achieved at the same time, the full KGE trendline is always above the BM, and its transitory
is much faster. With respect to the success rates, in both setups, there is almost no difference
between the full and the partial KGE. This might prove that, since the color is an invariant
feature in these experiments, the presence of this specification on the embeddings does
not change the agent performance significantly. However, we do obtain 12% accuracy
improvement with respect to the BM when we evaluate the full KGE agent in the TIAGo
and IRB120.

Regarding the analysis of the joints” angle distribution, we studied whether the use
of KGEs in the learning process might involve an improvement in the exploration ability
and, in consequence, better exploitation and more efficient learning. We see that in the
TIAGo setup, there is a significant drop in the standard deviation value for joint 4 and a
big change in the joint 3 mean. Conversely, in the IRB120 scenario, we did not obtain great
standard deviation variations, but differences in the distribution means, as we see in joint 2
and, especially, in joint 3. This absence of meaningful changes might be in concordance
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with the fact that the BM is already close to mastering the task, so the differences in the
exploration are not that relevant. These outcomes show that under the setup without
DR, the exploration capability might present an enhancement, helping the KGE agents to
achieve better policies sooner than the BM agents and, hence, learn faster.

When we apply DR to the targets’ color, we see that for the TTAGo and the IRB120,
the agents with the complete KGE are three times faster than the other agents, reducing the
learning time needed by almost 60%. Moreover, their transitory regime is consistently better,
as it happens in the experiments without DR. This might confirm that in a situation with
an increase in the problem complexity resulting from varying features, adding contextual
information helps in the learning process and the final performance. For the TIAGo, the full
KGE agent performs 16% better than the partial KGE agent and the BM. The TIAGo’s
and IRB120’s trendline analysis shows that the agent with the full KGE decreases its
performance around the 30 M step and 50 M step, respectively, although later, they narrow
the distance again with the other models. We argue that this might have happened due to a
high learning rate and the fact that we do not use a learning rate decay mechanism.

For the IRB120, there is a 10% improvement between the full KGE agent and the BM.
With this robot, it is noticeable that there is not a significant improvement between the
full KGE and partial KGE success rate as it is in the TIAGo. We suggest that the color
information does not involve an accuracy increase because of the scenario colors. Since the
robot is orange, the RGB filters corresponding to the green and, especially, the blue channels
do not have the same relevance as the red ones. Hence, this unbalance in the visual learned
features might implicate an exclusion of part of the color information encoded in the KGE.
This does not happen with the TIAGo because its arm is white, so it should equally use the
filters for the three RGB channels.

Finally, in the outcomes obtained by analyzing the distribution of the joints’ orientation,
we noted a significant decrease in the standard deviation of the distribution for three of
the TIAGo and IRB120 joints when KGEs are used. As in the previous set of experiments,
this suggests that the agents can exploit the correct policies early thanks to the information
encoded in the embeddings. This is consistent with the fact that these agents learn faster
than the BM agents. This drop is larger and occurs in more joints than in the scenarios
trained without DR, which might be because of the increase in the problem’s complexity.

7. Limitations

While our experiments have shown improved learning efficiency in predefined envi-
ronments, the reliance on predefined knowledge graphs may limit adaptability in dynamic
and unstructured environments, where the robot must perform tasks that cannot benefit
from semantic conditioning. The effectiveness of our approach depends on the complete-
ness of the knowledge graph. If the graph lacks critical semantic relationships or contains
incorrect relationships, the resulting embeddings may mislead the DRL agent, potentially
degrading its performance. Our experiments were conducted in simulated environments
to ensure controlled evaluations. However, since our observation is represented by an RGB
image, transferring the learned policies to real-world robotic platforms would need an
additional image-to-image translation method in order to efficiently bridge the simulation-
to-reality gap.

8. Conclusions

In this paper, we demonstrate how adding contextual information about the environ-
ment, encoded in embeddings, helps DRL agents learn faster and more efficiently. These
descriptions of the environment are obtained through the use of embeddings obtained by
the selection of semantically relevant nodes in a knowledge graph. We have shown that
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References

adding these inputs to the DRL model does not significantly increase the computational
time, and the impact on the model’s architecture complexity is minimal. We propose an
original architecture in which the embeddings are concatenated to the hidden activations
of the FC layer that follows the representation learning blocks, thus complementing the
visual information.

Opverall, the results show an improvement in the agents’ performance when KGEs are
introduced. If the targets” colors are fixed, we noted a faster learning transitory regime,
a decrease in the learning time, up to 25% in the TIAGo setup, and an increase in the agent’s
accuracy by 12% for both robots. If we apply DR to the targets” colors, the behavior of
the transitory period remains better than the baseline, the decrease in the learning time
rises up to 60% in both robots, and the agent’s accuracy is increased up to 20% for TIAGo
and 10% for IRB120. Additionally, we investigated the effect of KGEs on the joints” angle
distribution to determine if there is an improvement in the agents’ ability to exploit sooner
the correct policy between the full KGE agent and the baseline.

For the experiments without DR, there are changes in the mean and standard deviation
for some joints, but these are higher, and more joints are affected in the scenarios with DR.
This suggests that, first, the use of KGEs enhances the agents’ learning process and therefore,
the learning time is reduced, the exploitation of the best policies happens earlier, and higher
accuracies are achieved; and second, that providing the embedded information in a more
complex problem leads to a more significant improvement than in simpler scenarios.

In conclusion, we have validated the proposed architecture that integrates contextual
information about the environment, given as KGEs. We have proven that if DRL agents can
leverage semantic knowledge, there is an improvement in their learning speed and success
rate without significant increases in computational and architectural complexity.

Beyond the proposed application, the presented methodology shows promising capa-
bilities in any scenario where DRL agents can leverage semantic knowledge sources. We
leave for future work the analysis of how the agents’ performance is affected depending
on where the KGE input is placed; in our current approach, the placement was selected
after the state representation layers, but different integration points within the network
may influence how effectively the semantic information is combined with the learned
visual features. Moreover, the next research steps also include the sim-to-real transfer
for both setups, looking for a zero-shot or few-shot transfer where we can reuse, com-
pletely or partially, the knowledge learned in the virtual scenarios. To do so, we should
explore domain adaptation techniques that minimize or potentially eliminate the need for
real-world experience.
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