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Abstract

The use of virtual environments to collect the experience required by deep reinforcement
learning models is accelerating the deployment of these algorithms in industrial envi-
ronments. However, once the experience-gathering problem is solved, it is necessary to
address how to efficiently transfer the knowledge from the virtual scenario to reality. This
paper focuses on examining Progressive Neural Networks (PNNs) as a promising transfer
learning technique. The analyses carried out range from studying the capabilities and limits
of the layers responsible for learning the state representation from a pixel space, which
could arguably be the convolutional blocks, to the forgetting agents suffer when learning
a new task. Introducing controlled visual changes in the environment scene can lead to
a performance degradation of 50.3% in the worst-case scenario. These visual discrepancies
significantly impact the agent’s learning time and accuracy when using a PNN architec-
ture. Regarding the PNN forgetting assessment, partial forgetting occurs in two of the
three environments analyzed, those where the agent masters its new task. This could be
due to a balance between the relevance of the new features learned and the ones inherited
from the teacher agent.

Keywords: deep reinforcement learning; progressive neural networks; sim-to-real; sample
efficiency; representation learning

1. Introduction
To address sequential decision problems requiring interaction between the process

and the controlled system, Deep Reinforcement Learning (DRL) [1] emerges as a prominent
tool, combining principles from Reinforcement Learning (RL) [2] and Deep Learning [3,4].
DRL overcomes RL limitations in high-dimensional state spaces and exhibits representation
learning capabilities [5], reducing the need for manual feature engineering. Agents using
DRL learn from experience through interaction with the environment, enabling applica-
tions in diverse situations, including non-stationary scenarios or cases where an accurate
model is unavailable. However, a drawback is the substantial amount of experience
needed [1], known as the sample efficiency problem. This issue can be addressed through
virtual environments and physics engines simulating behavior of the asset or process under
varying circumstances, efficiently acquiring more experience without significant time and
financial outlays.

Several transfer learning techniques aim to bridge the reality gap, also known as
the sim-to-real problem, arising from discrepancies between virtual and real environments.
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Progressive Neural Networks (PNNs), introduced by Rusu et al. [6], have brought attention
for their modular and adaptable architecture. In essence, PNNs transfer knowledge from
a teacher neural network, proficient in a virtual task, to a shallower student network
adapting to a different task or setup [7]. The approach involves training a large model with
synthetic experience and then transferring the acquired knowledge through learned layer
connections to a smaller model, refining results in the real setup with reduced experience.

The training approach of the teacher network significantly influences the performance
of the DRL agent. This component of the architecture must efficiently share knowledge
among multiple specialized student networks. The synthetic experience it incorporates
should be sufficiently diverse for the agent to handle dynamic scenarios, yet specific enough
to reduce the required experience to achieve fast learning in the student setup. Currently,
to the best of our knowledge, this aspect remains an open research topic, with no dedicated
papers addressing this concern. In our proposal, a DRL agent trained under a PNN
architecture confronts challenging environments, whose design is based on the performance
of a pre-trained baseline teacher. These adversarial scenarios contribute to three key aspects:
(1) assessing the robustness of the teacher agent to specific changes in visual features;
(2) evaluating its learning dynamics when fine-tuned for setups with varying difficulty
levels; and (3) analyzing the agent’s forgetting related to the teacher task. Throughout
this paper, we will understand adversarial environments as static environments designed to
maximize or cause a performance degradation in the agent.

To properly analyze and evaluate the learning mechanisms of the PNN architecture,
all experiments in this work are conducted under a sim-to-sim approach, where the drivers
that may lead to discrepancies between environments are fully controlled.

The remainder of the paper is structured as follows: Section 2 describes some of the
most relevant state-of-the-art transfer learning and sim-to-real techniques. Section 3 goes
through the fundamentals of PNNs and the details of our implementation. If the reader
is familiar with this topic, they can safely skip the section. Section 4 presents the problem
solved and the setup used as the baseline. Section 5 introduces the methodology followed
to design and evaluate the adversarial environments and PNN-like agents. The results of
all the experiments conducted are discussed in Section 6. Finally, Section 7 summarizes the
essential takeaways and lays the groundwork for future research.

2. Related Work
This paper focuses on the same task as in ref. [7], approaching a robotic arm to a static

target randomly placed in the workspace. This section delves into model-free proposals,
particularly applied to industrial processes [8], cyber-physical systems [9], or robotic
grasping and control [10–12].

As outlined in the introduction, one alternative to address the sim-to-real problem is
to find an efficient transfer learning technique that enables the reuse of existing knowledge
between domains.

Domain Adaptation (DA) [13] is a transfer learning technique based on trans-
lating data from a source domain to a target domain, unifying both feature spaces.
Ref. [14] proposed a zero-shot approach, employing a multi-stage RL strategy to first
learn the vision task and then the acting policy. Ref. [15] developed a model to learn
a latent state representation in simulation and, through its combination with real data,
adapts the representation to the real domain. Ref. [16] suggested a pixel-level DA model to
reduce the number of real samples needed to train a model in a grasping task, trained with
both adapted images from a Generative Adversarial Network (GAN) [17] and real ones.
Ref. [18] reversed the flowchart, translating data from real images to the synthetic domain
(real-to-sim) to “make the robot feel at home” during deployment. Ref. [19] combined RL
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under a CycleGAN architecture, transforming images from simulation to reality and then
back to simulation while maintaining the scene consistency loss. Finally, ref. [20] combined
DA with Meta Reinforcement Learning (MetaRL) [21,22] to train a model under different
robot dynamic conditions. The main weakness of DA in comparison to our work is the
need for an additional model that has to be trained.

Domain Randomization (DR) [23] is a well-known sim-to-real technique that in-
volves training an agent over a distribution of environments with randomized features.
DR is widely used for bridging the reality gap due to its ease of implementation and
adaptability to various DRL problems. An alternative to the vanilla DR approach,
where all environment features are randomized, is to selectively sample attributes [24].
Ref. [25] combined distributed DRL and DR to learn optimal policies for dexterous in-hand
manipulation in a virtual environment with randomized physical properties and appear-
ance features. Ref. [26] presented a methodology to automatically set the tunable features of
the virtual environment. A Bayesian approach proposed in [27,28] is used to select parame-
ters instead of the common uniform distribution, which might yield sub-optimal results.
Ref. [29] implemented active DR, identifying the most relevant environment variations by
leveraging discrepancies between the current policy outcomes in the randomized scene
and the baseline instance. Conversely, ref. [30] proposed a structured DR alternative where
scene information was used to generate synthetic data that were more similar to the real
scenario, avoiding infeasible or unreal situations. In a similar vein, [31,32] advocated using
knowledge about the real environment to adapt randomized images during training in
the virtual world. Ref. [31] utilized real images processed with an image segmentation
model to create an initial dataset to which DR will be applied, whereas [32] adapted the
simulation parameter distribution based on results obtained after a few roll-outs in the real
environment. Although DR can significantly improve agent performance, as shown in [33],
it may not be entirely suitable on its own if there are several sources of discrepancy between
environments, as randomizing all these attributes comes with a high computational cost.

Other approaches utilized Imitation Learning [34] to address the reality gap by lever-
aging samples from a human expert or other policies. Ref. [35] employed behavior cloning
to reduce agent exploration in sparse rewards environments, and Ref. [36] applied Inverse
Reinforcement Learning [37,38] to learn various motion types across a wide range of assets
and scenarios. Ref. [39] utilized Generative Adversarial Imitation Learning (GAIL) [40],
a combination of imitation learning and GANs, to successfully train end-to-end visuo-
motor policies in a virtual robotic arm, later transferring it to a real robot. Conversely,
ref. [41] employed human demonstrations to learn a DR distribution used for policy train-
ing. The primary drawback of these techniques is the reliance on access to an expert, which
is not always feasible.

Alternative solutions transfer knowledge through the policy, either via distillation
or reuse. Ref. [42] introduced policy distillation based on the knowledge distillation term
proposed in [43] as a framework consisting of a student network learning from a teacher
net. Ref. [44] applied this concept to learn two tasks in simulation and combined them into
a single policy deployed in the real scenario. Ref. [45] combined DR and policy distillation
into a cyclic policy distillation framework, creating a local policy per randomized parameter.
Ref. [6] proposed PNNs, in which knowledge is transferred between a teacher column and
a student column as learned representations. Each PNN column represents a (deep) neural
network model, and an agent solving a particular Markov Decision Process (MDP) [46].
Both columns are connected through learnable lateral connections that enable knowledge
sharing. PNNs fundamentals and our particular implementation are explained in Section 3.

PNNs are framed in the continual or lifelong learning paradigm [47,48]. This involves
mastering a specific task and continuously learning other tasks by reusing previously
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acquired knowledge [49,50]. Within this context, the experience and know-how assimilated
must not be forgotten. PNNs mitigate catastrophic forgetting through their architecture and
learning procedure, where parameters from previous columns are kept frozen. However,
this does not ensure zero knowledge loss. To quantify and analyze this potential drop,
we assessed and analyzed the forgetting agents’ experience under two different PNN
architectures. Ref. [7] applied PNNs to solve the sim-to-real problem. The task they solved
was reaching a target with a robotic arm using a 64 × 64 pixel RGB image as the model
input. Although they achieved great results, the similarities between their virtual and
real setups left the question of what would have happened if both environments had
visual mismatches open. Ref. [51] used PNNs to learn the state transition distribution in
a model-based approach. They solved the manipulation problem using the robot joints’
state, not images, and adapted the formulation presented in [6] to their problem. To compare
the results and conclusions obtained, we proposed a PNN architecture deeply based on the
concepts explained in [7], and we solved the same task but under different scenes. On the
other hand, we implemented and tested an additional architecture to study the forgetting
that might appear and evaluate whether it was dependent or not on the approach.

In our previous work [33], we demonstrated that in a PNN-like architecture, the per-
formance of the first-column agent could significantly improve within the same training
effort by applying DR to the camera pose and preserving the rest of the visual features.
In the present paper, we keep the camera pose fixed and investigate, firstly, how the agent’s
behavior can be influenced when solving the approach to a target using only visual inputs
under challenging scenarios with feature discrepancies, and secondly, assess its forgetting
after learning under these new conditions.

Generally, DRL agents rely on high-dimensional visual inputs. Ref. [52] provided
a comprehensive survey of state representation learning methods, highlighting how struc-
tured latent embeddings can improve sample efficiency and robustness in DRL settings.
These approaches are especially relevant when visual observations contain variations that
are not directly related to the task objective. In a similar vein, methods that incorporate
auxiliary objectives or learn joint state-action representations have shown improvements
in continuous control and visual RL tasks by enriching the learned embedding space [53].
Moreover, recent benchmarks designed to explicitly evaluate visual state representation
learning in RL environments reveal the challenges arising from distribution shifts and
visual discrepancies [54]. These findings further motivate the analysis conducted in this
work, where the robustness of learned visual representations is assessed under controlled
environment variations.

3. Background
This section provides a description of PNNs plus a detailed explanation of our imple-

mentation. Readers familiar with this topic can safely skip the section.

Progressive Neural Networks (PNNs)

As briefly introduced in Section 2, PNNs [6] provide a promising solution to avoid
catastrophic forgetting and to leverage knowledge learned from one task when transferring
it to an agent performing another related task. The representations learned by one or
more teacher networks are shared with a smaller student network. These networks, often
referred to as columns due to their graphical layout (Figure 1), represent a DRL agent
solving an MDP, which is in some way related to the MDPs solved by other columns.
The knowledge transfer occurs through trainable lateral connections that link the layers of
these networks. During the training process of the second column, the learnable parameters
are the weights of the second column and the weights of the lateral connections. The weights
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of the first column remain frozen. This approach helps address the catastrophic forgetting
issue by preserving the knowledge encoded in the first agent. However, we argue that
this does not entirely prevent the second agent from forgetting some of the previously
knowledge learned.
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Figure 1. Schematic diagram of the PNN architecture implemented. This layout has been modified
with respect to the one presented in [7] by adding lateral connections to the output layer, as mentioned
in their text. The output layer has an FC block per each robot joint policy, and one for the state-value
function. The dashed lines represent frozen parameters.

Our PNN implementation is based on the architecture suggested by Rusu et al. in [7],
where they apply the PNN theoretical background explained in [6] to the sim-to-real
problem. Although the agent’s goal is the same, the MDP definition and the environment
setup differ. See Section 4 and [33] for more details.

Figure 1 presents the general structure of the implemented PNN architecture. It
consists of two columns with identical layer topology but different capacities. The first
column (teacher) contains a larger number of parameters, while the second column (student)
is shallower. We argue that the convolutional layers (CNN1 and CNN2) are primarily
responsible for learning the state representation, whereas the subsequent blocks (FC, LSTM,
and output layers) focus on policy and value estimation. The task solved is approaching
a target (Section 4.1), so the policy is estimated by the actor using six FC blocks, one per
robot joint. We used the A3C [55] as the learning algorithm due to its well-known results
and parallelization capabilities and to ensure consistency in our analyses with the original
PNN implementation proposed by [7]. Note that Figure 1 includes the lateral connections
links between the LSTM and the output’s FC layers, while in ref. [7], they were specified in
the text description, but were not shown in their diagram.

https://doi.org/10.3390/ai7040120

https://doi.org/10.3390/ai7040120


AI 2026, 7, 120 6 of 25

The lateral connections between columns follow the formulation originally introduced
in [42]. For a given layer i in column k, the hidden activation h(k)i is defined as follows:

h(k)i = f

(
W(k)

i h(k)i−1 + ∑
j<k

U(k:j)
i h(j)

i−1

)
(1)

where W(k)
i ∈ IRni×ni−1 is the layer weight matrix, h(k)i−1 is the hidden activation of the

previous layer, U(k:j)
i ∈ IRni×nj are the lateral connection weights from previous columns,

and f (·) is a non-linear activation function (ReLU in our case). Bias terms are omitted
for clarity.

In our specific two-column setup (k = 2), Equation (1) reduces to:

h(2)i = f
(

W(2)
i h(2)i−1 + U(2:1)

i h(1)i−1

)
= f

(
B(2)

i + A(1)
i

)
. (2)

Figure 2 provides a layer-wise visualization of this formulation, where each block
explicitly shows the intra-column transformation (W(2)

i h(2)i−1 = B(2)
i ) and the lateral contri-

bution (U(2:1)
i h

(1)=A(1)
i

i−1 ). This figure is a graphical instantiation of Equation (2).
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Figure 2. Detailed diagram of the PNN architecture implemented. The top stream corresponds to the
first column (teacher), and the bottom is the student. There are four explicit lateral connections plus
the connections in the output layers. All the connections, except the last one, which is a concatenation,
are implemented as weighted sums. The dashed lines indicate frozen parameters during the student
training phase. The blue blocks are learnable parameters. f represents the ReLU function.

The dashed lines represent frozen parameters during the training phase of the second-
column (student) layers, while the blue blocks are the learnable parameters. The tensors
W(1)

d and W(2)
d are auxiliary identity mappings introduced solely to ensure dimensional

consistency in the LSTM lateral connections. They contain constant values and are not
trainable parameters. Their purpose is to maintain compatible tensor dimensions when
combining LSTM hidden and cell states across columns, without altering the learned pol-
icy. They do not contribute to the model capacity nor affect gradient updates. Lateral
connections are implemented as weighted feature combinations. When a block receives
a single lateral input, both intra-column and lateral contributions are weighted by α = 0.5.
When two lateral inputs are present, all contributions are uniformly weighted by α = 1/3.
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This normalization prevents dominance of one signal over the other and stabilizes fea-
ture aggregation across columns. The actor and critic lateral connections do not follow
Equation (1), as there is no trainable matrix. Their weight matrices, W∗(2)

n for the actors,
and W∗(2)

V for the critic, are the result of the concatenation of the learnable parameters from

the second column, W(2)
n and W(2)

V , respectively, with the FC(1)
n and FC(1)

V weight matrices,

i.e., W(1)
n and W(1)

V , respectively. This layout allows the initialization of the second-column
output with the policies and state-value function from the first column. These initial values
provide a crucial guide to the agent in its learning process. We applied the softmax function
to translate the FC outputs’ activations into the probability that defines policy π

(k)
n , where

n ∈ {1, 2, ..., 6}.
Table 1 presents the parameter breakdown per layer, including the lateral connections.

For the CNN blocks, the expression corresponds to (number of filters × depth × width ×
height) + bias. For the FC blocks, it is (input size × output size) + bias. The LSTM has
four gates, and their parameters are multiplied by two, as the number of hidden and cell
states is the same. Although the first-column parameters are frozen during the second-column
training, we also provided them to demonstrate the capacity difference between columns.

Table 1. PNN trainable parameters per column and layer. Each row corresponds to one blue block
from Figure 2. For the CNN layers, the information is given as (number of filters × depth × width ×
height) + bias, whereas it follows (input size × output size) + bias in the FC blocks. The LSTM has
four gates.

First Column (Teacher) Second Column (Student)

FC(2)
V

(128 × 1) + 1 (144 × 1) + 1

FC(2)
n 6 × [(128 × 7) + 7] 6 × [(144 × 7) + 7]

LSTM(2) 2 × (512 × 128) + 2 × 512 2 × (64 × 16) + 2 × 64

LCLSTM−LSTM - 16 × 128

LCFC−LSTM - 16 × 128

FC(2) (128 × 1152) + 128 (16 × 288) + 16

LCCNN−FC - 16 × 1152

CNN(2)
2

(32 × 16 × 5 × 5) + 32 (8 × 8 × 5 × 5) + 8

LCCNN−CNN - (8 × 16 × 6 × 6)

CNN(2)
1

(16 × 3 × 8 × 8) + 16 (8 × 3 × 8 × 8) + 8

Total 301,147 43,323

We chose to analyze this architecture thoroughly because it was the one selected in [7]
to perform their main experiments due to its results. However, we designed and trained
one more PNN architecture to carry out the forgetting analysis. This architecture is based
on the discarded proposal presented in [7], and it consists of removing the LSTM layer.
With this change, we decided to skip also the lateral connection that goes between FC
layers, keeping only the ones between the CNN layers and the CNN with the FC. We
believe that it is interesting to evaluate if the agents’ forgetting persists even when the core
of the architecture is the same, but the layers and the lateral connections change.

4. Materials, Problem Definition, and Baseline Model (BM)
This section first introduces the task solved and then the Baseline Model (BM) used as

the first-column agent.
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4.1. Materials and Problem Definition

The task the agent should learn corresponds to the first part of an industrial pick
and place operation, namely, the approach to a target. The virtual setup for our ex-
periments consists of a 6 degrees of freedom (DoF) IRB120 robotic arm from ABB
(https://search.abb.com/library/Download.aspx?DocumentID=9AKK107045A1509, ac-
cessed on 18 December 2025) an externally mounted monocular camera with a fixed po-
sition during all tests, and a red 3 cm cube target that the robot must reach. The robot is
equipped with a two-finger gripper that is not controlled since we focus only on the ap-
proaching stage. As stated in [7], we argue that even though it seems an easy task, the com-
plexity lies in the fact that the agent must learn to infer the complete state information
from a high-dimensional state-space, which is the RGB image. Moreover, the state-space
perceived by the agent is a 2-dimensional representation, while the robot movement and
target take place in a 3-dimensional space.

The virtualization was performed in MuJoCo [56]. As mentioned earlier, the model input
is the 64 × 64 RGB environment observation. The images were captured using Matplotlib
v3.10.8 [57] to speed up rendering and avoid a strong dependency on the visual characteristics
of the scenario. As shown in [16], using a realistic virtual environment and high-quality
images does not always lead to better results or a more efficient sim-to-real transfer.

The MDP is modeled as an episodic setup where the agent has up to 50 steps to
reach the goal. The episode finishes either if the maximum number of steps per episode
is achieved or if the gripper is closer than 5 cm to the target. This rewarding distance
increases to 10 cm during the post-training model evaluation. The actions command the
joints’ velocity as in [7]. For more details on the choices made in the MDP design, refer
to Appendix A Table A1, which is a summarized description of the MDP configuration
adopted in this work. A detailed justification of the state space, action set, and reward
function—including comparative analyses of alternative action discretizations and reward
formulations—is presented in our previous work [33]. At the beginning of each episode,
the initial robot pose is sampled from a uniform distribution. On the other hand, the target
position is sampled from two uniform distributions, one for each x and y coordinate with
the workspace area being a rectangle of 60 × 20 cm2, same width as [7], but 20 cm larger.
The z-coordinate is kept constant at ground level.

4.2. Baseline Model (BM)

We refer to the agent that has already been trained for the first column of the PNN
architecture as BM. Its training process was carried out using the A3C [55] algorithm for
70 M steps, achieving the steady-state regime in approximately 40 M steps. For more
details about the BM training hyperparameters, please refer to Appendix A Table A2
and [33]. Figure 3 exhibits an example of the 64 × 64 pixel RGB model input (i.e., the
environment observation).

Figure 3. Sample of the BM environment at the episode’s beginning. This 64 × 64 pixel RGB image is
the model input. The initial joints and target positions are sampled from two uniform distributions.
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Regarding the environment features, we focus on the background, divided into the
ground and sky, the robot that can be split into its joints, the gripper and its different
parts, and the target. Specifically, we study variations in the color of these elements
and how they affect the agent’s performance compared with the BM outcomes. Table 2
presents the environment features in which the BM agent was trained and evaluated.
These characteristics are the ones that were used as the reference during the adversarial
environment experiments.

Table 2. BM environment features. The RGB code is provided to supplement the color name.

Background Robot Gripper Target

Green (ground)
(0.19, 0.30, 0.23)

Gray (sky)
(0.67, 0.71, 0.75)

Orange
(1.0, 0.5, 0.0)

Black (joint 6)
(0.0, 0.0, 0.0)

Yellow (connector)
(1.0, 1.0, 0.0)

White (fingers)
(1.0, 1.0, 1.0)

Red
(1.0, 0.0, 0.0)

5. Method
The general overview of the proposed method is depicted in Figure 4. First, we

designed a set of experiments to determine which scenarios lead to a decrease in agent
performance. The differences that these new scenarios present with respect to the baseline
are changes in the colors of the background, the robot, and the target. Once we chose
three environments based on the agent’s perceived complexity (i.e., easy, intermediate,
and complex), we trained and evaluated three PNNs to assess the knowledge transfer
between the baseline agent and the one learning in the new environment. Finally, we
selected the best model of each PNN-like agent and evaluated its forgetting with respect to
the baseline.

Adversarial 
environments design

PNN training and evaluation 
on an easy adversarial 

environment

PNN training and evaluation 
on an intermediate

adversarial environment

PNN train and evaluation on 
a complex adversarial 

environment

Evaluation of the 𝑃𝑁𝑁𝐸𝑎𝑠𝑦𝐸𝑛𝑣 forgetting

Evaluation of the 𝑃𝑁𝑁𝐼𝑛𝑡𝑒𝑟𝑚𝐸𝑛𝑣 forgetting

Evaluation of the 𝑃𝑁𝑁𝐶𝑜𝑚𝑝𝑙𝑒𝑥𝐸𝑛𝑣 forgetting

PNN performance analysis PNN forgetting analysis

Figure 4. Diagram of the methodology followed.

In this section, we begin with a detailed explanation of the adversarial environment’s
design and evaluation (Section 5.1), and continue with the definition of the training charac-
teristics and evaluation benchmark of each PNN agent and its forgetting (Section 5.2).

5.1. Adversarial Environments

The real setup built in [7] is almost a perfect replica of the virtual scenario. We argue
that a thorough analysis of the PNNs’ capability concerning their state representation is
needed to plan the correct deployment in a real environment, as it will certainly present
visual discrepancies.

https://doi.org/10.3390/ai7040120

https://doi.org/10.3390/ai7040120


AI 2026, 7, 120 10 of 25

To study the limitations of PNN-like agents and evaluate their robustness and for-
getting, we designed a set of virtual adversarial environments. As aforementioned, we
understand adversarial environments as static environments designed to maximize or cause
a performance degradation in the agent. We simulate the deployment of synthetic experi-
ence into a second modified virtual environment to control the mismatches between both
settings, and better identify and analyze the drivers that lead to learning inefficiencies.
We consider adversarial environments those that result in less than 90% accuracy on the
BM post-training evaluation. We use the outcomes obtained in this study to establish an
evaluation benchmark against which we can compare the results obtained after training
PNN-like agents.

During the design of the adversarial environments, we applied DR to different colors
of the virtual scenario, as we have already studied the effect of the camera pose [33]. Based
on the scenario elements, we have arranged the subsequent categories: (1) the background,
which can be divided into ground and sky, (2) the robot, which can be split per joint,
(3) the gripper, which is separated into the fingers and the connector (i.e., the union
between the fingers and the robot’s last joint), and (4) the target.

The procedure to define the environment characteristics of the second-column agent
is depicted in Figure 5. We started by evaluating the BM under a set of scenarios,
changing only one of its features. We selected the color variation deterministically.
Appendix B Table A4 summarizes the simple changes performed to each environment
feature. After analyzing the results, we designed an additional set of evaluation tests in
which we combined several changes per environment (Table A5). The final adversarial
environments are chosen according to the performance decay results, which correlate with
the difficulty perceived by the agent, including easy, intermediate, and complex.

Design a set of 
scenarios with 

simple changes

Evaluate the BM 
performance under 

these scenarios

Design a set of scenarios 
with a 

combination of changes

Evaluate the BM 
performance under 

these scenarios

Select the adversarial 
environments based on the 

BM performance decay

Figure 5. Procedure followed for the selection of the adversarial environments.

Throughout all the steps, the performance of the agents is mainly measured by their
accuracy, which is defined as the percentage of episodes in which the agent reached
the goal (3). The evaluations are carried out across 1000 episodes with random initial target
and robot poses. We complement the assessment by measuring the mean and standard
deviation of the return, the mean and standard deviation of the episode length, and the
mean, standard deviation, and maximum failure distance.

Accuracy (%) =
∑N

i=1 I(disti ≤ 10 cm)

N
× 100 (3)

where N is the total number of evaluated episodes, disti is the relative distance between
the gripper and the target in the ith episode, and I is the indicator function.

Additionally to these metrics offering a quantitative perspective, we use saliency
maps [58] in an attempt to explain the rationale behind the agent’s decisions [59] and
identify focal image areas. This provides a qualitative perspective that complements the
quantitative analysis. Saliency methods are typically used in image-based problems to
highlight features based on activation maps of convolutional layers. In this paper, we opt
for the gradient saliency map due to its straightforward implementation and because it
passes the sanity checks proposed in [60]. These sanity checks are particularly relevant in
our case, as they verify that the saliency maps are sensitive to model parameters and learned
representations rather than merely reflecting input structures or random patterns. This
ensures that the highlighted regions genuinely correspond to the agent’s learned decision-
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making process, which is essential for a reliable qualitative analysis of its perception
mechanisms. Equation (4) describes the saliency calculation. The score that corresponds
to the output of the last CNN layer is aggregated, and then it is partially derived with
respect to each pixel, identifying the pixels with higher gradient values per channel. Finally,
the outcomes are normalized to reduce the variance. This normalization occurs prior to
visualization to ensure comparability across images and environments. Consequently,
the absolute gradient magnitudes are not interpreted directly; instead, the analysis focuses
on the relative spatial distribution of high-response regions. This normalization enables
consistent qualitative comparison of attention patterns, even when underlying gradient
scales differ between scenarios. Therefore, high saliency in image regions indicates that
changes in those areas will have a greater impact on the output.

Mi,j = max
c∈{R,G,B}

∣∣∣∣∣∂S(I)
∂Ii,j,c

∣∣∣∣∣ (4)

S(I) = ∑
u

fu(I)

where Ii,j,c denotes the pixel intensity at spatial position (i, j) and color channel c ∈ {R, G, B}.
The term S(I) corresponds to the aggregated activation of the last convolutional layer, com-
puted as the sum of its feature map activations fu(I), where u indexes the feature maps.
The saliency value Mi,j is obtained by taking the maximum absolute gradient across the
three color channels, indicating how sensitive the network’s output is to perturbations
at that pixel location. High values of Mi,j therefore highlight image regions that have a
stronger influence on the agent’s learned representation.

5.2. PNN Agent Training and Evaluation Methodology
5.2.1. Training Procedure

The second-column agents have been trained for 30 M steps using the A3C algorithm.
For all intermediate layers and lateral connections, weight matrices are randomly set using
orthogonal initialization. In contrast, lateral connections and weights of the second-column
output are initialized so that in the first episode, the agent follows the policy set by the first
column (Section 3).

Every 50 k steps, we conducted an interim evaluation for the instantiated models,
testing them across 40 episodes with fixed initial configurations (robot and target poses).
The models share its weights with the global shared network asynchronously. Network
updates continue until the next interim evaluation. Throughout this process, the optimizer
used is Root Mean Square Propagation (RMSprop) [61]. Appendix A Table A2 gathers the
training hyperparameters of the teacher and student networks. Note that during training
and interim evaluation, success is determined by a relative distance between the gripper
and the target of 5 cm. However, in the post-training evaluation, we increase it to 10 cm,
as in [7], arguing that training for a more challenging objective will yield better post-training
evaluation statistics.

5.2.2. Post-Training Evaluation Procedure

The post-training evaluation assesses the accuracy of the trained PNN-like agent across
1000 episodes using a different seed than the one for training and random initial poses. This
ensures a more reliable comparison between models without trusting solely the average
return obtained during training. To evaluate the goodness of a model, we consider both the
agent’s performance and the time needed to achieve it.
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Evaluation metrics for the 1000 episodes are the same as those introduced in
Section 5.1. For a detailed overview of the post-training hyperparameters, refer to
Appendix A, Table A3.

5.2.3. Forgetting Evaluation Procedure

To evaluate the forgetting the student agent suffers with respect to the teacher’s task,
we assess its performance in the first-column environment with a post-training evaluation.
Our goal with this experiment is to determine how much the student can remember about
the teacher’s task. The metrics employed during the forgetting assessment are the same as
those introduced in Section 5.1. These experiments are conducted using two different PNN
architectures, whose designs are made according to the two alternatives described in [7]
(Section 3).

6. Results and Discussion
In this section, we present (1) the results of the BM evaluation under the three adversarial

environments chosen, (2) the outcomes of PNN-like agents in the three adversarial envi-
ronment conditions, and (3) the forgetting that these three agents suffer when they face the
first-column environment again.

The experiments were conducted on a PC running Ubuntu 20.04 equipped with
an Intel Core i9-10900KF processor at 3.70 GHz, 64 GB of DDR4 RAM, an NVIDIA GeForce
RTX 2080 Ti GPU, and a 2 TB M.2 SSD. The algorithms were programmed in Python v.3.8
using PyTorch v.1.13.1 [62].

6.1. Results in the Adversarial Environments

Figure 6 presents the BM agent saliency map for two states of the same episode. The left
group (a) corresponds to an episode start, whereas (b) is an intermediate step. Based on the
gradient values, the saliency map shows the agent’s attention is on the target and the robot
base at the beginning (a), while in (b) it is relocated to a broader area that wraps the gripper,
the last joint surroundings, the target, and the robot’s base. The agent is able to focus on
the environment elements whose relative pose leads to higher rewards and a successful
episode. However, these attention zones are not a perfect semantic segmentation of the
environment, as there are regions of the background where the agent also looks to decide
how to act efficiently.

Input image Max gradients Overlay

(a)

Input image Max gradients Overlay

(b)

Figure 6. Environment observation and saliency map obtained in the episode beginning (a) and in
an intermediate step (b) for the BM agent in its original setup. In both moments, the gradients show
that the agent’s attention is mainly on the target and the robot pose. The episode finished with a success.
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We evaluated the BM under the scenarios gathered in Appendix B Tables A4 and A5
to determine which of them are adversarial environments (i.e., those that lead to an accuracy
lower than 90% in the post-training evaluation) and, thus, the best options to set controlled
but challenging conditions. Appendix C Table A6 presents the evaluation results of the
environments qualified as adversarial. The BM agent performance decreases from 30%
to 40% when one or both background elements are modified. The reason may be the
aforementioned partial attention of the agent to background regions. Something similar
happens to the combinations where the last joints or the end-effector are changed. In these
last cases, since the number of pixels is narrower, the accuracy reduction is only between
20% and 30%.

In those scenarios where the robotic arm has a different color, the decay is even
higher, with a drop up to 45%. For the target’s color variation, it is interesting that the
reduction is between 20% and 25% for black and white. In comparison, blue results in
a 50.3% deterioration, the highest of all the evaluations. For these two changes, the saliency
map inspection should be complemented with an analysis of the RGB channels. Regarding
the robot, most of its pixels are orange (1.0, 0.5, 0.0). Therefore, the effect of the blue
channel on the CNN activation maps is negligible. The lowest performance for these cases
is achieved when the robot is entirely blue. The target results can also be examined under
this hypothesis. With the red target (1.0, 0.0, 0.0), none of the green and blue channels are
likely to influence the CNN activation maps, so if image has changes in that area (Figure 6),
the agent may loose part of its perception capacity. We argue that this outcome is enhanced
when the target is blue due to the poor contrast between the cube, the green ground, and
the black robot shadow.

Table A6 summarizes the final three adversarial environments selected: (1) an easy
scenario, with the target color changed to white (78.8% accuracy); (2) an intermediate setup
with both the ground and sky colors changed to white (This scenario is especially interesting
because it can be regarded as if a mask, i.e., the elimination of all the background keeping
just the main scenario elements) (69.8% accuracy); and (3) the hardest adversarial environ-
ment which is the one with the blue target (49.7% accuracy). Table 3 gathers the environ-
ments’ features, and Figure 7 displays the BM saliency map achieved in these scenarios.

To ease comparison, Figures 6 and 7 show the same initial poses. In Figure 6, the at-
tention is predominantly concentrated in the central area of the scene, with salient regions
clearly focused on the target position at the beginning of the episode and on the robot
joints and the target during intermediate steps. The gradients in Figure 7 suggest that in
the adversarial environments, the attention is spread over a wider area. On the one hand,
the saliency map (a) shows the attention mainly around the robot and its shadow and,
to a lesser extent, in part of the background. On the other hand, (b) and (c) display scenes
where the saliency maps cover apparently useless areas, especially (b), without noticing
either the target or the robot. This shift in attention distribution suggests a degradation
in the learned state representation when significant visual discrepancies are introduced.
With these experiments and remaining under the hypothesis that the state representation is
embedded in the convolutional layers, we demonstrate the relevance of the first two CNN
blocks in the PNN architecture.

Regarding the PNN’s strengths and weaknesses as a DRL sim-to-real method, we
argue that, a priori, its perception (i.e., the CNN layers) cannot efficiently handle changes in
the setup. For an efficient transfer learning process, the visual appearance of the virtual
environment should be similar to the real scenario, as [7] exhibits in their work, or ade-
quately randomized in the virtual training phase. Concerning Appendix C Table A6, we
argue that the agent will need a large amount of real experience to learn the new features.
However, we also hold that, if the virtual training phase is improved by adding enough
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diversity, the probabilities of success in the transfer learning process will increase. We leave
the verification of this hypothesis for future work.

Table 3. Adversarial environments selected. The RGB code is provided to supplement the color name.
Features highlighted in bold are the ones that change with respect to the BM.

Background Gripper
Ground Sky Robot

Link n Fingers Connection
Part Target Accuracy

(%)

EnvEasy

Green
(0.19, 0.30, 0.23)

Gray
(0.67, 0.71, 0.75)

n ∈ [1, 5]
Orange

(1.0, 0.5, 0)

n = 6
Black

(0.0, 0.0, 0.0)

White
(1.0, 1.0, 1.0)

Yellow
(1.0, 1.0, 0.0)

White
(1.0, 1.0, 1.0) 78.8

EnvInterm

White
(1.0, 1.0, 1.0)

White
(1.0, 1.0, 1.0)

n ∈ [1, 5]
Orange

(1.0, 0.5, 0)

n = 6
Black

(0.0, 0.0, 0.0)

White
(1.0, 1.0, 1.0)

Yellow
(1.0, 1.0, 0.0)

Red
(1.0, 0.0, 0.0) 69.6

EnvComplex

Green
(0.19, 0.30, 0.23)

Gray
(0.67, 0.71, 0.75)

n ∈ [1, 5]
Orange

(1.0, 0.5, 0)

n = 6
Black

(0.0, 0.0, 0.0)

White
(1.0, 1.0, 1.0)

Yellow
(1.0, 1.0, 0.0)

Blue
(0.0, 0.0, 1.0) 49.7

Input image Max gradients Overlay

(a)

Input image Max gradients Overlay

(b)

Input image Max gradients Overlay

(c)

Figure 7. Environment observations and saliency maps obtained in an intermediate step for the
easy (a), the intermediate (b), and the complex (c) adversarial environments. The agent’s attention
is not completely focused on either the robot or the target. It is mainly in the robot’s shadow. The
three situations ended in failure.
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6.2. PNN Agent Training, Evaluation and Forgetting Results

Figure 8 presents the training curves for the BM (orange) and the three student agents:
the PNNEasyEnv (blue), where the target is white, the PNNIntermEnv (green), where the
background is white, and the PNNComplexEnv (purple), where the target is blue. To ease
the comparison, we only present the first 30 M steps of the BM training. The three agents
surpass the BM from the beginning, thanks to the initialization with the first-column
policy. The PNNEasyEnv trendline shows minimal growth, reaching an average return of
nearly 50. This rapid achievement of the steady state, almost three times faster than the
BM, can be attributed to the knowledge transfer from the BM and the reduced complexity
of the environment, that resulted in only a 20% performance drop compared to the teacher.
In contrast, the PNNIntermEnv agent reaches the steady state with the same average return
as the PNNEasyEnv, but takes around 3 M steps longer. Lastly, the PNNComplexEnv
initially outperforms the BM, but after 7 M steps, it plateaus at an average return of just 15,
indicating difficulties in handling this more visually distinct and challenging environment.
The agent fails to surpass the BM’s performance later, implying that additional architectural
modifications or deeper feature extraction may be required to manage such complex
scenarios effectively.

10^7

Figure 8. Average returns in the interim evaluation for PNNEasyEnv (blue), the PNNIntermEnv (green),
the PNNComplexEnv (purple), and the BM (orange) agents over 30 M steps (note the 107 scaling factor
on the right-hand corner of the figure). While the PNNEasyEnv and PNNIntermEnv agents present
better results than the BM, the PNNComplexEnv cannot achieve the same performance.

Table 4 summarizes the main findings from the post-training evaluations for each
agent. The PNNEasyEnv agent reaches 99% accuracy at 1.6 M steps, requiring only
a few additional steps to improve from the initial 78.8%. This demonstrates that the
agent quickly adapts to the new environment using the transferred knowledge. Similarly,
the PNNIntermEnv agent achieves 94.7% accuracy after 5.65 M steps. While this agent
requires more training steps than the PNNEasyEnv due to the increased complexity of the
environment, it still significantly outperforms the BM in this setup, needing minimal expe-
rience. Since the differences are primarily based on visual features, the learning challenges
appear to stem from the model’s state representation layers, supporting the assumption
made when analyzing the saliency map results. In contrast, the PNNComplexEnv agent
struggles more with its challenging environment, achieving a maximum accuracy of 85.6%
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at 10.65 M steps, after which the performance plateaus. This is likely due to limitations
in the state representation layers, making it hard to obtain a reliable state approximation
when visual differences cause a significant drop in the teacher’s performance.

Table 4. PNNEasyEnv agent, PNNInterimEnv agent, and PNNComplexEnv agent results in the post-
training evaluation. The evaluation interval is not exactly 50 k because a global step counter is shared
among all the instantiated agents.

Agent Evaluation
Step

Mean
Return

Std. Dev.
Return

Mean
Episode
Length

Std. Dev.
Episode
Length

Mean
Failure

Distance
(cm)

Std. Dev.
Failure

Distance
(cm)

Max
Failure

Distance
(cm)

Accuracy
(%)

PNNEasyEnv
0 39.20 4.78 32.85 1.30 0.20 0.03 0.26 78.8

1,600,031 54.32 9.22 27.60 5.46 0.27 0.10 0.41 99.0

PNNInterimEnv
0 32.58 5.12 34.34 1.39 0.18 0.02 0.22 69.8

5,650,232 50.85 18.08 29.49 7.32 0.17 0.04 0.30 94.7

PNNComplexEnv
0 17.43 6.18 39.67 1.63 0.20 0.01 0.22 49.7

10,650,675 44.59 25.92 33.09 9.80 0.21 0.11 0.50 85.6

Finally, Table 5 shows the forgetting assessment results for the three PNN agents
evaluated with both architectures, with and without LSTM. This evaluation measures how
well the agents retain knowledge from the BM environment after learning in a different en-
vironment. Regarding the architectures with the LSTM, the outcomes indicate that both the
PNNEasyEnv and PNNIntermEnv agents experience partial forgetting when tested in
the original BM environment. The PNNEasyEnv agent retains 83.7% accuracy, while the
PNNIntermEnv agent shows a similar pattern with an accuracy of 80.9%. This suggests
that although they learn the new tasks, some of the previously acquired knowledge from
the BM environment is lost, likely due to overfitting on the second task. Interestingly,
the PNNComplexEnv agent retains the highest performance from the original BM environ-
ment, achieving 99.8% accuracy when tested in the red target scenario. This may imply that,
despite struggling with the complex environment, the agent can still retain and leverage
knowledge from the simpler BM environment, likely because the lateral connections have
a stronger influence than the weights learned in the second column. Analyzing the for-
getting results of the agents trained without the LSTM, we observe that the PNNEasyEnv
agent shows almost no forgetting with respect to the teacher’s task. We suggest that this
may occur because the student agent has not fully mastered its task. It achieves only
32.7% accuracy, allowing the lateral connections to still exert a significant influence on the
output. A similar effect is seen in the PNNComplexEnv agent, which, in fact, performs
around 12% better on the teacher’s task than on its own. Regarding the PNNIntermEnv,
the agent’s performance is so low that the forgetting results suggest the lateral connections
have not had sufficient time to properly update their values since initialization.
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Table 5. Forgetting assessment for the PNNEasyEnv agent, the PNNInterimEnv agent and the PNNComplexEnv agent. The students are evaluated on the teacher’s task.

Agent Architecture Training Environment Evaluated Environment Mean
Return

Std. Dev.
Return

Mean
Episode
Length

Std. Dev.
Episode
Length

Mean
Failure

Distance
(cm)

Std. Dev.
Failure

Distance

Max Failure
Distance

(cm)
Accuracy

(%)

PNNEasyEnv

LSTM
White target White target 54.32 9.22 27.60 5.46 0.27 0.10 0.41 99.0
White target Red target 44.19 26.57 34.84 9.46 0.18 0.10 0.55 83.7

FC
White target White target 2.13 38.96 43.05 10.56 0.22 0.08 0.46 32.7
White target Red target 1.37 38.24 43.24 10.36 0.22 0.07 0.41 31.6

PNNInterimEnv

LSTM
White ground & sky White ground & sky 50.85 18.08 29.49 7.32 0.17 0.04 0.30 94.7
White ground & sky Green ground & grey sky 40.82 29.65 32.24 9.62 0.21 0.05 0.35 80.9

FC
White ground & sky White ground & sky −4.85 37.75 44.30 9.69 0.23 0.08 0.42 27.5
White ground & sky Green ground & gray sky −39.98 19.96 49.80 1.39 0.32 0.09 0.60 2.4

PNNComplexEnv

LSTM
Blue target Blue target 44.59 25.92 33.09 9.80 0.21 0.11 0.50 85.6
Blue target Red target 54.88 5.65 26.54 3.95 0.21 0.05 0.27 99,8

FC
Blue target Blue target 21.26 39.04 37.53 11.63 0.22 0.06 0.38 56.7
Blue target Red target 29.69 37.18 35.23 10.85 0.23 0.07 0.40 68.3
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7. Conclusions and Future Work
This paper addresses the limitations of PNNs as a transfer learning framework under

a sim-to-sim approach, with all the environment features properly characterized and shows
the replicability of [7] on another setup. Three adversarial scenarios of varying difficulty
that represent different setups are first designed and evaluated on a Baseline Model (BM).
These virtual scenarios with controlled discrepancies with respect to the teacher’s setup
allow to test the efficiency of the PNN architecture without sources of noise or uncertainty.
Finally, the forgetting these PNN agents suffer is assessed with respect to the teacher’s task
under two different PNN architectures.

The results from the evaluation of the adversarial environments under the BM agent
show that, since the input is an RGB image, there is a relevant dependency on the representa-
tion learning blocks, mainly the convolutional layers. Apparently, when the representation
of the problem learned by the teacher column does not perform well under an adversarial
scenario, it seems difficult for the shallower convolutional layers of the student column
to learn a good representation of the problem. Small visual mismatches between the
trained and the evaluated scenarios can lead to dramatic accuracy decays of 50.3% in the
worst-case environment.

The outcomes obtained after training three PNN agents in the selected adversarial
scenarios confirm the hypothesis that the more significant the visual differences between
setups, the more complicated, inefficient, and poor the learning of the student column agent
is. According to the sim-to-sim analyses, the current PNN proposal might not be enough
to address the sim-to-real problem efficiently if the virtual and the real scenarios present
appearance discrepancies. Since the agent relies exclusively on RGB images, the learned
state representation depends entirely on convolutional filters trained on a specific color
distribution. Significant shifts in color statistics across environments may alter the activation
patterns of these filters, degrading the extracted features. In such cases, the fine-tuning
of the student column may not be sufficient to compensate for the mismatch, potentially
limiting the effectiveness of knowledge transfer within the PNN framework. However,
future work is required to deploy the PNN in a real sim-to-real setting in order to fully
validate this hypothesis.

The last finding is related to the quantification of the PNN agents’ forgetting. Al-
though catastrophic forgetting is avoided by design, if the student column agent achieves
a high accuracy in the new setup, it cannot completely remember the task the first column
mastered. This partial amnesia might be caused by overfitting in the second environment.
Besides, the relative importance (i.e., the weight value) given to the lateral connections
with respect to the student’s layers can also play a key role. If the student agent neglects
the lateral connections and learns to master the new task on its own, as happens in the easy
and intermediate scenarios with the LSTM, its performance on the previous setup degrades.
In contrast, if the agent relies heavily on the lateral connections, as might happen in the
complex environment or in the models without LSTM, it is able to address the first-column
task better. We prove that these hypotheses hold independently of the layers and lateral
connections of the PNN. Additionally, we also showed that, as in [7], the agent trained with
the PNN architecture without the LSTM layer has a worse performance than the one with
the LSTM for all the adversarial scenarios.

In view of these conclusions, it is worth highlighting the following lines of future work
in relation to the use of PNNs as a mechanism for transfer learning in sim-to-real problems:

• Regarding the relevance of the visual layers, address visual mismatches between both
scenes by, for instance, preprocessing the real image to make it resemble the virtual
setup more (e.g., to mitigate reflections and other visual artifacts) or applying DR or
DA during the training phase of the teacher agent.
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• Research on the different possibilities of joining the teacher and the student columns
through the lateral connections, apart from the one proposed in this paper.

• Study if there is any mechanism, like the lateral connections drop-off, that might help
the agent to balance old and new knowledge correctly and prevent partial forgetting.

• Extend the analysis to more complex visual discrepancies, such as variations in texture
and lighting conditions. These multimodal perturbations would provide a deeper
understanding of the generalization capabilities of PNNs under other domain shifts.

• Perform the sim-to-real experiments with the PNN architecture designed and tested
in this paper, but with the student trained in the real setting.
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Appendix A. PNN Hyperparameters

Table A1. MDP definition. The action set is configured as a discrete collection of actions. A negative
or a positive reward per each step will be given to the agent based on the objective fulfillment [33].

Action Set a Reward Distribution b Success Distance

0
±MPI

±MPI/10
±MPI/100

70
if goal reached
−(2 × dist)2

if goal not reached

5 cm in training
10 cm in post-training evaluation

a MPI stands for Maximum Position Increment, which is calculated based on the joint range. b dist is the relative
distance between the gripper and the target.

Table A2. PNN-like agent training hyperparameters for the student network.

Hyperparameter

Seed 123
Training steps 30 million

Episode length 50 steps
or target reached

Success distance 5 cm
Evaluation interval 50,000 steps
Evaluation episodes 40 episodes
Discount factor (γ) 0.99

Learning rate 1 × 10−4

RMSprop decay 0.99
Entropy weight 0.01
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The training hyperparameters for the BM (i.e., the teacher), which was also trained
using an A3C, were the same except for the training steps, which were 70 million.

Table A3. PNN-like agent post-training evaluation hyperparameters.

Hyperparameter

Seed 803
Success distance 10 cm

Episodes evaluated 1000 episodes

Appendix B. Environments Evaluated

Table A4. Environments tested with simple changes. The RGB code is provided to supplement the
color name.

Background Gripper
Environment Changes Ground Sky Robot

Link n Fingers Connection Part Target

BM –
Green

(0.19, 0.30, 0.23)
Gray

(0.67, 0.71, 0.75)

n ∈ [1, 5]
Orange

(1.0, 0.5, 0)

n = 6
Black

(0.0, 0.0, 0.0)

White
(1.0, 1.0, 1.0)

Yellow
(1.0, 1.0, 0.0)

Red
(1.0, 0.0, 0.0)

EnvSC1

G
ro

un
d

Black
(0.0, 0.0, 0.0) – – – – –

EnvSC2

White
(1.0, 1.0, 1.0) – – – – –

EnvSC3

Sk
y

–
Black

(0.0, 0.0, 0.0) – – – –

EnvSC4 –
White

(1.0, 1.0, 1.0) – – – –

EnvSC5

R
ob

ot

– –

n ∈ [1, 5]
Black

(0.0, 0.0, 0.0) – – –

EnvSC6 – –

n ∈ [1, 5]
White

(1.0, 1.0, 1.0) – – –

EnvSC7 – –

n ∈ [1, 6]
Black

(0.0, 0.0, 0.0) – – –

EnvSC8 – –

n ∈ [1, 6]
White

(1.0, 1.0, 1.0) – – –

EnvSC9 – –

n ∈ [1, 6]
Red

(1.0, 0.0, 0.0) – – –

EnvSC10 – –

n ∈ [1, 6]
Blue

(0.0, 0.0, 1.0) – – –
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Table A4. Cont.

Background Gripper
Environment Changes Ground Sky Robot

Link n Fingers Connection Part Target

EnvSC11

Fi
ng

er
s

ch
an

ge
s – – –

Black
(0.0, 0.0, 0.0) – –

EnvSC12 – – –
Red

(1.0, 0.0, 0.0) – –

EnvSC13

Ta
rg

et

– – – – –
Black

(0.0, 0.0, 0.0)

EnvSC14 – – – – –
White

(1.0, 1.0, 1.0)

EnvSC15 – – – – –
Blue

(0.0, 0.0, 1.0)

Table A5. Environments tested with feature combination. The RGB code is provided to supplement
the color name.

Background Gripper
Environment Changes Ground Sky Robot

Link n Fingers Connection Part Target

BM –
Green

(0.19, 0.30, 0.23)
Gray

(0.67, 0.71, 0.75)

n ∈ [1, 5]
Orange

(1.0, 0.5, 0)

n = 6
Black

(0.0, 0.0, 0.0)

White
(1.0, 1.0, 1.0)

Yellow
(1.0, 1.0, 0.0)

Red
(1.0, 0.0, 0.0)

EnvMC1

G
ri

pp
er

– – –
Green

(0.19, 0.30, 0.23)
Green

(0.19, 0.30, 0.23) –

EnvMC2 – – –
Black

(0.0, 0.0, 0.0)
Black

(0.0, 0.0, 0.0) –

EnvMC3 – – –
White

(1.0, 1.0, 1.0)
White

(1.0, 1.0, 1.0) –

EnvMC4

Ba
ck

gr
ou

nd

Black
(0.0, 0.0, 0.0)

Black
(0.0, 0.0, 0.0) – – – –

EnvMC5

White
(1.0, 1.0, 1.0)

White
(1.0, 1.0, 1.0) – – – –

EnvMC6

Blue
(0.0, 0.0, 1.0)

Blue
(0.0, 0.0, 1.0) – – – –

EnvMC7

Green
(0.19, 0.30, 0.23)

Green
(0.19, 0.30, 0.23) – – – –

EnvMC8

Gray
(0.67, 0.71, 0.75)

Gray
(0.67, 0.71, 0.75) – – – –

EnvMC9

Ba
ck

gr
ou

nd
&

gr
ip

pe
r

Black
(0.0, 0.0, 0.0)

Black
(0.0, 0.0, 0.0) –

Black
(0.0, 0.0, 0.0)

Black
(0.0, 0.0, 0.0) –

EnvMC10

Blue
(0.0, 0.0, 1.0)

Blue
(0.0, 0.0, 1.0) –

Blue
(0.0, 0.0, 1.0)

Blue
(0.0, 0.0, 1.0) –
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Table A5. Cont.

Background Gripper
Environment Changes Ground Sky Robot

Link n Fingers Connection Part Target

EnvMC11

Sk
y

&
gr

ip
pe

r

–
Black

(0.0, 0.0, 0.0) –
Black

(0.0, 0.0, 0.0)
Black

(0.0, 0.0, 0.0) –

EnvMC12 –
White

(1.0, 1.0, 1.0) –
White

(1.0, 1.0, 1.0)
White

(1.0, 1.0, 1.0) –

EnvMC13

R
ob

ot

– –

n ∈ [3, 4]
Black

(0.0, 0.0, 0.0) – – –

EnvMC14 – –

n ∈ [3, 4]
White

(1.0, 1.0, 1.0) – – –

EnvMC15

R
ob

ot
&

G
ri

pp
er

– –

n ∈ [4, 5]
Black

(0.0, 0.0, 0.0)
Black

(0.0, 0.0, 0.0)
Black

(0.0, 0.0, 0.0) –

EnvMC16 – –

n ∈ [4, 5]
White

(1.0, 1.0, 1.0)
White

(1.0, 1.0, 1.0)
White

(1.0, 1.0, 1.0) –

Appendix C. Adversarial Environments Results

Table A6. Outcomes from the adversarial environments evaluation. These scenarios are the ones that
present an accuracy lower than 90%. The selected adversarial environments are highlighted in bold.
Std. dev. stands for standard deviation.

Environment
Change

Mean
Return

Std. Dev.
Return

Mean
Episode
Length

Std. Dev.
Episode
Length

Mean
Failure

Distance
(cm)

Std. Dev.
Failure

Distance

Max. Failure
Distance

(cm)
Accuracy

(%)

BM 55.65 0.79 25.73 0.64 0.00 0.00 0.00 100.0

White
Ground 25.26 5.90 36.62 1.70 0.15 0.02 0.20 60.7

Black Sky 28.31 5.82 37.01 1.72 0.18 0.02 0.22 64.5
Black Robot 21.11 6.14 38.17 1.77 0.23 0.02 0.28 54.4
White Robot 19.59 5.24 38.91 1.52 0.23 0.02 0.27 54.0
Blue Robot 18.19 5.88 38.82 1.72 0.24 0.02 0.29 51.7

Black Target 35.21 4.76 34.95 1.57 0.18 0.02 0.22 72.9
White Target 39.20 4.78 32.85 1.30 0.20 0.03 0.26 78.8
Blue Target 17.43 6.18 39.67 1.63 0.20 0.01 0.22 49.7

Black
Ground and

Sky
37.76 4.87 32.82 1.71 0.16 0.02 0.19 76.2

White
Ground and

Sky
32.58 5.12 34.34 1.39 0.18 0.02 0.22 69.8

Blue Ground
and Sky 27.54 5.74 35.82 1.63 0.27 0.04 0.34 65.1

Black
Ground, Sky,
Connection

part and
Fingers

37.18 5.63 33.15 1.71 0.16 0.03 0.27 75.8

Blue Ground,
Sky,

Connection
part and
Fingers

29.36 5.29 35.20 1.64 0.27 0.03 0.32 67.8
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Table A6. Cont.

Environment
Change

Mean
Return

Std. Dev.
Return

Mean
Episode
Length

Std. Dev.
Episode
Length

Mean
Failure

Distance
(cm)

Std. Dev.
Failure

Distance

Max. Failure
Distance

(cm)
Accuracy

(%)

Black Sky,
Connection

part and
Fingers

24.80 5.04 38.08 1.39 0.19 0.01 0.22 60.0

Black Link 3
and Link 4 45.21 4.42 31.25 1.42 0.21 0.04 0.30 86.4

White Link 3
and Link 4 35.96 4.29 34.40 1.51 0.21 0.02 0.28 73.5

Black Link 4
and Link 5 38.17 3.97 33.87 1.53 0.19 0.02 0.25 75.6

Black Link 4,
Link 5,

Connection
part and
Fingers

39.34 4.59 33.16 1.37 0.20 0.04 0.27 78.2
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