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Abstract: Transfer Learning has emerged as a transformative technique in Reinforcement Learn-
ing (RL), enabling algorithms to leverage knowledge from prior tasks to improve efficiency and
generalization. This study investigates whether transfer learning can further enhance the already
exceptional learning capabilities of the Parallelized Q-Network (PQN). Using the MinAtar envi-
ronment as a controlled testbed, I integrate transfer learning techniques to assess their impact
on learning time. By comparing the algorithm with and without transfer learning across multi-
ple tasks, the results reveal that transfer learning consistently underperforms when compared to
task-specific training. Contrary to expectations, transfer configurations fail to accelerate learning,
with environment-specific training emerging as the superior approach. These findings underscore
the limitations of transfer learning in RL and reaffirm the critical role of environment-specific
adaptation in achieving efficient and robust learning outcomes.

1 Introduction

The growing capabilities of GPU-based comput-
ing have revolutionized Reinforcement Learn-
ing (RL), enabling researchers to scale algorithms
and explore complex environments with unprece-
dented efficiency. GPU-accelerated libraries and
frameworks such as JAX [14], alongside benchmarks
[3, 5, 8, 9], offer high-performance simulations tai-
lored for RL. These tools allow seamless integra-
tion of large-scale parallelism, making it easier to
execute computationally intensive tasks across mul-
tiple environments. These benchmarks and frame-
works not only accelerate training but also facilitate
novel algorithmic advancements by supporting di-
verse and resource-demanding tasks. This techno-
logical shift underscores the need for RL architec-
tures capable of fully exploiting GPU potential.
One such architecture is the Parallelized Q-

Network (PQN) [2], which exemplifies the appli-
cation of GPU-optimized RL. PQN simplifies deep
temporal difference learning by removing replay
buffers and target networks, achieving stability and
speed through synchronous updates across parallel
environments. Leveraging the power of GPUs, PQN

efficiently utilizes vectorized environments and in-
corporates regularization techniques such as Layer-
Norm [6] or BatchNorm [4] to ensure reliable per-
formance. These design choices make PQN a can-
didate for scalable RL, excelling in tasks requiring
rapid learning and robust convergence.

While PQN demonstrates exceptional efficiency,
the question arises whether Transfer Learning
(TL) can further enhance its already fast learning
capabilities. TL, a cornerstone of machine learn-
ing, enables algorithms to reuse knowledge from
prior tasks to accelerate learning in new scenar-
ios. However, the applicability of TL in RL, partic-
ularly in model-free settings, remains challenging.
Surveys such as [15] and [22] highlight key diffi-
culties, including negative transfer caused by task
dissimilarities, mismatched state-action spaces, and
insufficient compatibility between source and tar-
get environments. These challenges underscore the
importance of carefully designing transfer mecha-
nisms to balance adaptability and robustness. De-
spite these obstacles, TL has demonstrated poten-
tial in RL, particularly through methods such as
fine-tuning pre-trained networks, leveraging modu-
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lar components, or utilizing shared representations.
Advanced techniques like fractional TL [16] and
universal feature spaces [13] optimize knowledge
transfer across tasks while addressing task-specific
variability.

In this study, we investigate the impact of TL
on the learning time of the Parallelized Q-Network
in the MinAtar [21] environment, a controlled and
lightweight testbed designed for RL research. By
integrating TL techniques into PQN, we aim to
evaluate whether knowledge reuse can complement
PQN’s inherent speed and stability. Through a se-
ries of experiments comparing PQN with and with-
out TL across multiple tasks, we assess the poten-
tial for TL to further optimize learning time in ad-
vanced RL frameworks.

The results of this research provide insights into
the applicability of TL for scalable RL architec-
tures, contributing to a deeper understanding of
how modular knowledge transfer techniques can
benefit GPU-optimized systems. In this work, I
summarize my empirical contributions as follows:
I) I demonstrate that TL configurations frequently
fail to outperform or even match the baseline,
highlighting the limitations of modular knowledge
transfer in GPU-optimized reinforcement learn-
ing (RL) systems; II) I confirm that environment-
specific adaptation is crucial for achieving optimal
performance, as evidenced by the slower conver-
gence rates and reduced returns of TL configura-
tions; and III) I provide a comprehensive analy-
sis of how modular TL techniques interact with
pure-GPU training frameworks, contributing to the
broader understanding of scalable RL architec-
tures. These findings underscore the importance of
developing more nuanced task alignment and adap-
tation strategies to fully realize the potential of TL
in RL.

2 Theoretical Background

2.1 Reinforcement Learning

Reinforcement Learning (RL) is a computational
approach to learning by interacting with an envi-
ronment, aiming to achieve long-term goals through
trial and error. Unlike supervised learning, which
relies on labelled data, RL allows an agent to au-
tonomously explore and learn optimal behaviours

by maximizing a numerical reward signal. This in-
teractive process enables RL to address dynamic
decision-making tasks in uncertain environments
[18].

The foundation of RL lies in the formalism of
Markov Decision Processes (MDPs) [1, 10], a math-
ematical framework that models the interaction be-
tween an agent and its environment. An MDP is
defined by the tuple (S,A, P,R, γ), where:

• S: A finite set of states representing the envi-
ronment’s possible configurations.

• A: A finite set of actions available to the agent.

• P (s′|s, a): The transition probability of mov-
ing to state s′ from state s after taking action
a.

• R(s, a): The reward function, which maps a
state s and an action a to a scalar reward. It
defines the environment’s mechanism for as-
signing rewards.

• γ ∈ [0, 1): A discount factor that determines
the importance of future rewards.

The objective of RL is to find an optimal policy
π∗, a mapping from states to actions, that maxi-
mizes the expected cumulative reward or return:

Gt =

∞∑
k=0

γkRt+k+1.

This policy guides the agent in balancing explo-
ration (trying new actions to discover their effects)
and exploitation (leveraging known actions to max-
imize rewards) [18]. Specifically, the behaviour
policy is responsible for this balance, enabling
the agent to explore the environment effectively
while still exploiting its knowledge to optimize out-
comes. In contrast, the target policy represents
the policy the agent aims to learn and often focuses
primarily on exploitation to achieve long-term re-
wards.

Value functions are central to reinforcement
learning, as they quantify the long-term desirabil-
ity of states under a given policy. The state-value
function, vπ(s), represents the expected return
when starting from state s and following policy π
thereafter:

vπ(s) = Eπ [Gt | St = s] .
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Here, Gt denotes the cumulative discounted reward
starting at time t, and the expectation is taken with
respect to the probability distribution induced by
policy π.

In addition to vπ(s), the action-value func-
tion, qπ(s, a), extends this concept by evaluating
specific actions. It quantifies the expected return
starting from state s, taking action a, and subse-
quently following policy π:

qπ(s, a) = Eπ [Gt | St = s,At = a] .

Both functions play a pivotal role in RL algorithms,
as they enable agents to evaluate and compare
states and actions, ultimately guiding the learning
and decision-making processes. While vπ(s) focuses
solely on states, qπ(s, a) provides more granular in-
sights by accounting for specific actions, making it
particularly useful for action-selection strategies.

These value functions enable efficient policy im-
provement through iterative methods such as pol-
icy iteration and value iteration. Modern RL algo-
rithms build upon these principles to address high-
dimensional and complex tasks using function ap-
proximation techniques, including neural networks,
to represent value functions or policies effectively.

Reinforcement learning provides a powerful
framework for solving sequential decision-making
problems, making it a cornerstone of modern arti-
ficial intelligence research and applications [18].

2.2 Parallelized Q-Networks (PQN)

Parallelized Q-Networks (PQN) based on [20] rep-
resent a significant advancement in reinforcement
learning by simplifying deep Q-learning while main-
taining stability and efficiency. PQN eliminates the
need for traditional components like replay buffers
and target networks, addressing inherent challenges
in stabilizing Temporal Difference (TD) [17] learn-
ing with off-policy data and non-linear function ap-
proximation.

2.2.1 Motivation and Design

The design of PQN stems from two key observa-
tions:

• Simplification of TD Learning: Traditional
TD algorithms rely heavily on techniques like

replay buffers and target networks, which in-
troduce memory overheads and compromise
sample efficiency. PQN instead leverages Layer
Normalization (LayerNorm) [6] or Batch Nor-
malization (BatchNorm) [4] and synchronous
updates across parallel environments to stabi-
lize learning without these additional compo-
nents.

• Enhanced Computational Efficiency: By
vectorizing interactions across multiple envi-
ronments and performing online synchronous
updates, PQN achieves a high degree of com-
putational parallelism. This design is particu-
larly suited to GPU-based training pipelines,
significantly reducing training time while en-
suring stability.

2.2.2 The PQN Algorithm

PQN revisits the classical Q-learning algorithm and
incorporates vectorized environments to conduct
parallelized interactions and learning. Each batch
of interactions is processed simultaneously, with the
Q-function parameters updated online using a sim-
ple TD update rule:

ϕi+1 = ϕi + αi

(
r + γ sup

a′
Qϕi(s

′, a′)

−Qϕi(x)
)
∇ϕiQϕi(x),

where ϕ represents the parameters of the Q-
function, α is the learning rate, r is the observed
reward, γ is the discount factor, and (s, a, s′) rep-
resents the state-action-next state transition.

Key features of PQN include:

• Elimination of Replay Buffers: Instead of
sampling past experiences, PQN relies on real-
time interactions with parallel environments,
reducing memory requirements and ensuring
up-to-date policy evaluations.

• LayerNorm or BatchNorm Regulariza-
tion: LayerNorm or BatchNorm is applied to
stabilize the Q-function approximation, mit-
igating issues related to off-policy instability
and non-linear divergence.

• End-to-End GPU Training: By avoid-
ing memory-intensive components like replay
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buffers, PQN enables fully vectorized training
on GPUs, achieving significant speed-ups com-
pared to traditional Deep Q-Network (DQN)
implementations.

2.2.3 Empirical Performance and Advan-
tages

PQN has demonstrated competitive performance
across various RL benchmarks, including Craftax
[9] and multi-agent tasks. Notable benefits include:

• Faster Convergence: PQN achieves high
performance in fewer gradient updates,
demonstrating exceptional sample efficiency.

• Reduced Complexity: The algorithm’s
simplicity, with fewer hyperparameters and
straightforward implementation, makes it ac-
cessible for a wide range of RL tasks.

• Scalability: PQN’s compatibility with vec-
torized environments and end-to-end GPU
pipelines enables efficient scaling to complex
tasks and larger problem domains.

Overall, PQN redefines the potential of Q-
learning by providing a robust, efficient, and scal-
able alternative to traditional deep RL algorithms,
bridging the gap between simplicity and state-of-
the-art performance.

2.3 Transfer Learning in Reinforce-
ment Learning

Transfer Learning (TL) is a machine learning
paradigm that focuses on leveraging knowledge ac-
quired in one task to improve learning efficiency
and performance in a related, yet distinct, target
task. In the context of reinforcement learning (RL),
transfer learning seeks to reuse policies, features, or
representations learned in a source environment to
accelerate convergence and enhance performance in
a target environment. This approach is particularly
appealing given the computational demands of RL,
where training an agent from scratch can require
substantial time and resources [22].

Reinforcement learning environments often differ
in their state space and action space dimensions,
posing challenges for knowledge transfer across

tasks. For instance, the state space of one environ-
ment may be a 10 × 10 grid, while another envi-
ronment could represent states in a 15× 15 config-
uration. Similarly, the number of possible actions
available to the agent may vary significantly be-
tween environments. To address this, the neural
network’s input and output layers are reinitialized
during transfer to match the dimensionalities of the
target environment’s state and action spaces, while
retaining the intermediate layers that encode trans-
ferable features.

In this study, transfer learning is applied by first
training a network on a source environment, such as
Asterix, and then reusing the learned network for
a target environment, such as Freeway [21]. To en-
sure adaptability, the input and output layers of the
network are reinitialized to accommodate the state
and action spaces of the target task, while the re-
maining network layers retain the features learned
during pretraining. This methodology aligns with
prior studies emphasizing the importance of feature
transfer and policy reuse in RL [16, 19].

Despite its promise, the efficacy of transfer learn-
ing in RL is highly contingent on the similarity
between source and target tasks. As highlighted
in [19], key factors influencing successful transfer
include shared state dynamics, compatible return
structures, and overlapping feature representations.
However, even with such similarities, challenges
such as negative transfer where knowledge from the
source task hinders learning in the target task can
arise, as demonstrated in studies like [15].

Recent advancements have introduced tech-
niques to mitigate these challenges and enhance
transferability. Methods such as policy distillation
[11], progressive neural networks [13], and fea-
ture extraction have shown promise in improv-
ing the alignment between tasks while preserv-
ing generalizable knowledge. These approaches pro-
vide mechanisms for selectively retaining useful fea-
tures, avoiding detrimental interference, and adapt-
ing to the idiosyncrasies of the target environment.
For instance, progressive neural networks use task-
specific columns that prevent catastrophic forget-
ting while allowing shared knowledge across tasks,
making them particularly effective in scenarios with
incremental task learning [13].

The experimental setup in this study adopts a
practical transfer learning framework, reinitializing
key layers to handle variations in state and action
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spaces while evaluating whether shared features can
accelerate learning in the target task. However, as
observed in prior work, the limitations of bench-
mark environments such as MinAtar [21] with its
simplified dynamics and low-dimensional state rep-
resentations may reduce the richness of transferable
features, posing additional constraints on the effec-
tiveness of transfer learning.

Ultimately, transfer learning in RL remains a
promising yet complex area of study. While it holds
the potential to improve sample efficiency and per-
formance in computationally intensive tasks, its
success relies on algorithmic advancements, care-
fully curated source-target pairs, and robust eval-
uation frameworks that can better capture the nu-
ances of real-world applications [3, 7, 22].

3 Methods

3.1 Objective

The objective of this research is to evaluate whether
TL can be achieved in RL using PQN. TL is partic-
ularly relevant for PQN because it enables the reuse
of knowledge from previously learned tasks, poten-
tially reducing the computational effort required to
train a model in a new but related environment. By
leveraging shared features across tasks, TL aims
to accelerate the learning process, reduce conver-
gence times, and improve overall training efficiency.
The primary research question is:What impact does
Transfer Learning have on the learning time of Par-
allelized Q-Network in the MinAtar environment?

3.2 Model and Algorithms

The experiments in this study utilize the foun-
dational PQN implementation combined with a
convolutional neural network (CNN) architecture.
The PQN framework is specifically designed to
maximize training efficiency by leveraging GPU-
based parallelization, allowing for the simultane-
ous handling of multiple tasks. The CNN serves
as the backbone of the model, enabling it to ex-
tract spatial features from the MinAtar games,
which are represented as compact, low-dimensional
grids. This setup aligns with the computational
constraints of RL tasks in minimalist environments
like MinAtar.

The CNN begins with a convolutional layer that
uses 16 filters, each with a kernel size of 3 × 3, a
stride of 1, and “valid“ padding, ensuring no un-
necessary spatial information is added. The kernel
weights are initialized using the He normal initial-
ization method to ensure optimal convergence. This
convolutional layer is followed by a normalization
step, which can employ either LayerNorm or Batch-
Norm, depending on the configuration. Layer nor-
malization ensures stable gradients by normalizing
across features within a layer, while batch normal-
ization adjusts the input distribution dynamically
during training.

The output of the convolutional layer is passed
through a ReLU activation function, introducing
non-linearity and enabling the network to model
complex functions. The resulting tensor is then flat-
tened into a one-dimensional vector to prepare it
for the fully connected layers. The first dense layer
reduces the high-dimensional representation to a la-
tent space of 128 neurons, using He normal initial-
ization for weight optimization. Once again, a nor-
malization step and ReLU activation are applied to
refine the latent representation.

The final dense layer maps the latent represen-
tation to the action space of the environment, pro-
ducing Q-values for each possible action. These Q-
values represent the expected cumulative returns
associated with taking a particular action in a given
state, guiding the agent’s decision-making process.

Overall, the neural network structure consists
of a convolutional layer for feature extraction, fol-
lowed by a series of dense layers for representation
learning and action-value computation. This mod-
ular design ensures computational efficiency while
maintaining the flexibility to adapt to the specific
requirements of various MinAtar environments.

3.3 Environments and Tasks

The experiments focus on four games from the Mi-
nAtar environment: Asterix, SpaceInvaders, Free-
way, and Breakout. These games were chosen due
to their inclusion in the baseline benchmark of the
PQN, ensuring comparability with existing results.
Each game presents unique challenges and patterns,
ranging from object collection in Asterix to avoid-
ing obstacles in Freeway, making them suitable for
evaluating the generalization capabilities of TL.
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3.4 Experimental Metrics and Vari-
ables

The primary metric of interest is the learning time
or convergence time, defined as the time taken for
the return to plateau over training steps. This met-
ric serves as a proxy for computational efficiency
and reflects how quickly the agent adapts to the
environment. The experiments evaluate TL config-
urations to determine whether knowledge learned
in one environment can expedite training in a sim-
ilar environment. Here, similarity between environ-
ments is defined based on the shared input feature
space, action space, and overall task structure. For
instance, Asterix and Breakout share identical in-
put layer sizes and have similar visual representa-
tions, making them ideal candidates for evaluating
TL effectiveness. For each configuration, returns
are recorded as a function of the number of en-
vironment steps, enabling a direct comparison of
convergence behavior.

3.5 Configurations

Two transfer learning configurations are compared
in this study:

1. Output-Layer-Only Reinitialization:
This configuration is applied to Asterix and
Breakout, which share the same input layer
size. It assumes that task-specific features re-
side primarily in the output layer, allowing the
input features to be reused across tasks. We
will refer to this configuration as Output-Reinit
throughout the article.

2. Input-Output-Layer Reinitialization:
This configuration is applied to all other cases
where both the input and output layers are
reinitialized. It assumes that substantial task-
specific adaptations are required in both the
input and output layers to accommodate dif-
ferent state representations and action spaces.
We will refer to this configuration as In-Out-
Reinit throughout the article.

3.6 Baselines and Experimental
Setup

The baseline runs follow the default settings pro-
vided by the PQN developers. The only modifica-

tion is an increase in environment steps from 10
million to 20 million to ensure a clear visualiza-
tion of the learning speed. Each configuration, in-
cluding the baseline, is run for 20 million environ-
ment steps, with ten runs per configuration. This
adjustment ensures sufficient training time to ob-
serve meaningful trends in return progression and
convergence.

3.7 Implementation Details

The experiments are implemented in Python using
the following libraries and tools:

• JAX, Gymnax, Flax: These libraries form
the core framework for building and training
the PQN model.

• Hydra: Used for configuration management,
enabling easy switching between experimental
setups.

• Wandb: Facilitates fast visualization and
tracking of training progress.

• NumPy, Pandas, Seaborn, Matplotlib:
Used for data analysis and creating
publication-quality visualizations.

Several small shell scripts are used to automate
multiple runs for each configuration, streamlining
the execution process and reducing manual inter-
vention.

3.8 Hardware Specifications

The experiments are conducted on a personal com-
puter equipped with an NVIDIA RTX 3060 Mobile
GPU and an AMD Ryzen 7 5000 series CPU. This
hardware setup balances computational efficiency
with accessibility, ensuring that the findings can be
replicated on standard consumer-grade devices.

3.9 Data Collection and Analysis

Returns are collected at each environment step,
providing a detailed measure of the agent’s per-
formance over time. For each configuration, the
mean and standard error of the returns are cal-
culated across 10 independent runs, ensuring sta-
tistical reliability and minimizing the influence of
outliers. The final plots illustrate the relationship
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Figure 3.1: Validation of the neural network loading mechanism in the Asterix environment. Left:
Behavior Policy learning curve. Right: Target Policy learning curve. Both curves confirm that the
loaded network reproduces its original performance.

between return and environment steps, offering a
visual comparison of the convergence rates, stabil-
ity, and overall learning performance of the various
configurations. These visualizations serve as a cru-
cial tool for analyzing the impact of transfer learn-
ing strategies, shedding light on their ability to ac-
celerate the learning process, improve stability, and
achieve higher returns within a given environment.

3.10 Reproducibility

The experiments are reproducible using the code
and data provided in the publicly accessible GitHub
repository. Random seeds are explicitly set in the
config.yaml file (NUM SEEDS 1 and SEED 0)
to ensure consistent results across runs. Detailed
instructions for setting up the experimental envi-
ronment, including Docker images and shell scripts,
are included in the repository. Additionally, a struc-
tured README file in the repository provides an
overview of the project organization, including de-
scriptions of the purejaxql, docker, and results

directories to assist reproduction efforts. The cur-
rent implementation relies on a Docker container to
resolve dependency conflicts, ensuring consistency
across environments. Future improvements could

include enhancing flexibility by enabling execution
outside of Docker.

3.11 Mehtod Validation

An additional validation step was performed to en-
sure the correctness of the neural network load-
ing procedure. In this step, the pre-trained network
was deployed in the same environment it was origi-
nally trained on. This validation confirmed that the
network’s parameters were correctly preserved and
that the loading mechanism did not inadvertently
introduce inconsistencies.

Figure 3.1 illustrates the learning curves for the
behaviour and target policies, respectively, in the
Asterix environment. The results demonstrate that
the pre-trained network successfully replicates its
previously achieved performance, further verifying
the integrity of the model loading process. This step
was critical to eliminate potential errors in the ex-
perimental setup and ensure that subsequent exper-
iments involving transfer learning were based on a
reliable baseline configuration.

Beyond validation, this experiment also serves
to illustrate the direct effects of reinitialization on
learning dynamics. Since the transfer occurs within
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Figure 4.1: Behavior and Target Policy learning curves for the Breakout environment using the
Output-Reinit and In-Out-Reinit configurations compared to the baseline.

the same environment, it provides insight into how
much information is retained when only the output,
only the input, or both layers are reinitialized. How-
ever, because the source and target environments
are identical, this experiment does not directly test
the effectiveness of reinitialization in transfer learn-
ing across different environments. Instead, it iso-
lates the impact of reinitialization without addi-
tional confounding factors, such as differences in
task structure or state-action representations.

3.12 Challenges and Limitations

Ensuring the transfer process was functioning cor-
rectly posed a significant challenge. To verify the
transfer code, a network was trained on an envi-
ronment and then reused in the same environment.
If the target policy graph started at the plateau
value recorded during training, it confirmed that
the network was being loaded correctly. This vali-
dation process was critical to ensure the theoreti-
cal feasibility of testing TL across all environment
combinations. Once confirmed, the TL experiments
could proceed with confidence in the implementa-
tion’s correctness.

Currently, the code is only capable of running in-

side the specifically crafted Docker container pro-
vided by the developers. While this ensures consis-
tency and eliminates dependency conflicts, it also
limits flexibility. Future work could focus on mak-
ing the dependencies more flexible, allowing the
code to be run outside the Docker container or in
diverse computational environments.

4 Results

4.1 Output-Reinit vs In-Out-Reinit

Figures 4.1 and 4.2 illustrate the learning outcomes
of PQN agents trained on Asterix and Breakout
under different transfer learning configurations.
The results evaluate baseline training, the Output-
Reinit configuration, and the In-Out-Reinit
configuration.

Breakout Environment

• Baseline configuration: The baseline con-
tinues to achieve the highest target policy
mean return (92.56± 2.02) and behaviour pol-
icy mean return (42.03 ± 1.03). These results
affirm the stability and effectiveness of task-
specific learning without transfer learning.
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Figure 4.2: Behavior and Target Policy learning curves for the Asterix environment using the
Output-Reinit and In-Out-Reinit configurations compared to the baseline.

• Output-Reinit configuration: This config-
uration shows a considerable reduction in re-
turns compared to the baseline, achieving a
target policy mean the return of (62.03±8.56)
and a behaviour policy mean the return of
(29.00±2.11). The significantly slower conver-
gence and lower returns reflect limited benefits
from reusing pre-trained features while reini-
tializing only the output layer.

• In-Out-Reinit configuration: This configu-
ration exhibits the lowest returns overall, with
a target policy mean the return of (74.86 ±
5.07) and a behaviour policy mean the re-
turn of (34.67 ± 1.80). This suggests that
fully reinitializing the network results in pro-
nounced negative transfer effects, hindering
performance.

Figure 4.1 illustrates that neither transfer con-
figuration surpasses the baseline in terms of learn-
ing speed or returns. The baseline demonstrates
rapid convergence and consistently superior perfor-
mance throughout the training process. By con-
trast, the Output-Reinit and In-Out-Reinit con-
figurations show slower learning and fail to lever-
age any meaningful advantage from pre-trained

features. The marked reductions in both target
and behavior policy returns for the transfer con-
figurations underscore the inefficacy of the trans-
fer approaches in this environment. These findings
strongly suggest that in the Breakout environment,
environment-specific training continues to be the
most effective strategy, with transfer learning in-
troducing more challenges than benefits.

Table A.1 provides a summary of the mean re-
turn values for the Breakout environment, further
emphasizing the baseline’s superior performance
and the inefficiencies introduced by transfer con-
figurations. The marked reductions in both target
and behaviour policy returns for the transfer con-
figurations underscore the inefficacy of the transfer
approaches in this environment. These findings
strongly suggest that in the Breakout environment,
environment-specific training continues to be the
most effective strategy, with transfer learning
introducing more challenges than benefits.

Asterix Environment

• Baseline configuration: The baseline con-
figuration achieves the highest target policy
mean return (74.22± 0.08) and behaviour pol-
icy mean return (49.89± 0.71), serving as the
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Figure 4.3: Behavior and Target Policy learning curves for the Asterix environment, comparing the
Baseline configuration with In-Out-Reinit transfers from Breakout, Freeway, and Space Invaders.
The left panel presents the Behavior Policy results, while the right panel displays the Target
Policy performance.

benchmark for evaluating transfer configura-
tions.

• Output-Reinit configuration: This config-
uration shows slightly lower returns compared
to the baseline, achieving a target policy mean
the return of (73.81 ± 0.78) and a behaviour
policy mean the return of (49.80 ± 0.64). The
results highlight its inability to improve learn-
ing speed or achieve higher returns.

• In-Out-Reinit configuration: This configu-
ration attains similar behavior policy returns
(48.78± 0.95) and a slightly higher target pol-
icy mean return of (74.27±0.42). Despite these
results, it fails to surpass the baseline in terms
of learning speed or overall effectiveness.

Figure 4.2 demonstrates that neither trans-
fer configuration improves learning speed in the
Asterix environment. Both configurations exhibit
slower initial progress compared to the baseline,
with the Output-Reinit configuration particularly
struggling to converge efficiently. Although the re-
turns for both transfer configurations are rela-
tively close to one another, they fail to match

the baseline’s performance. These results suggest
that knowledge transfer between tasks in this setup
is limited. Despite retaining some pre-trained fea-
tures, the transfer configurations do not accelerate
learning or provide meaningful gains in this envi-
ronment.

Table 4.1 summarizes the mean return values for
the Asterix environment, highlighting the baseline
configuration’s superior performance. These results
suggest that knowledge transfer between tasks in
this setup is limited. Despite retaining some pre-
trained features, the transfer configurations do not
accelerate learning or provide meaningful gains in
this environment.

4.2 Overall Comparison

In this section, we analyze the learning behaviour
of all configurations compared to the baseline
across four distinct environments: Asterix,
Breakout, Freeway, and SpaceInvaders. Each
configuration employs the In-Out-Reinit approach,
where both the input and output layers are
reinitialized during transfer. This methodology
ensures that task-specific features are not retained
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Table 4.1: Asterix Environment Means

Configuration Target Policy Mean ± SE Behavior Policy Mean ± SE

Asterix-Baseline 74.22 ± 0.08 49.89 ± 0.71

Asterix-Transfer-From-Breakout-
Output-Reinit

73.81 ± 0.78 49.80 ± 0.64

Asterix-Transfer-From-Breakout-In-
Out-Reinit

74.27 ± 0.42 48.78 ± 0.95

Asterix-Transfer-From-SpaceInvaders-
In-Out-Reinit

74.47 ± 0.35 49.58 ± 0.95

Asterix-Transfer-From-Freeway-In-
Out-Reinit

75.76 ± 0.35 47.54 ± 0.84

across tasks, providing a consistent framework
for evaluating the impact of knowledge transfer.
Notably, the exclusive use of the In-Out-Reinit
approach eliminates any potential variability that
might arise from alternative reinitialization strate-
gies, ensuring uniformity in our analysis. Despite
the theoretical potential of transfer learning, the
results consistently demonstrate that baseline
training outperforms all transfer configurations in
both learning speed and convergence characteris-
tics. Below, we provide a detailed discussion for
each environment, emphasizing the observed limi-
tations of transfer learning under these conditions.

Asterix Environment:

• Asterix-Baseline:
Attains the highest Target Policy mean return
of (74.22 ± 0.08) and Behavior Policy mean
return of (49.89 ± 0.71). This configuration
sets the benchmark for evaluating learning ef-
ficiency in the Asterix environment.

• Asterix-Transfer-From-Breakout:
Produces a Target Policy mean return of
(74.27± 0.42) and a Behavior Policy mean re-
turn of (48.78±0.95), demonstrating compara-
ble returns but slower adaptation despite lever-
aging knowledge from Breakout.

• Asterix-Transfer-From-Freeway:
Reports a Target Policy mean return of
(75.76 ± 0.35) and a Behavior Policy mean
return of (47.54 ± 0.84). Although achieving
higher Target Policy returns, its Behavior Pol-
icy performance is less consistent than the
baseline.

• Asterix-Transfer-From-SpaceInvaders:
Yields a Target Policy mean return of (74.47±
0.35) and a Behavior Policy mean return of
(49.58 ± 0.95). Although this configuration
approaches baseline returns, it demonstrates
slower learning progress.

Figure 4.3 shows the learning curves for the
Behavior and Target policies, respectively, high-
lighting the superior convergence speed of the
baseline configuration. The mean return values for
each configuration are summarized in Table 4.1,
reinforcing the observed trends. These findings
emphasize the necessity of task-specific learning to
account for unique state-action dynamics in the
Asterix environment.

For the remaining environments:

• Breakout Environment: The baseline
demonstrates the highest Behavior Policy
performance (42.03 ± 1.03), while transfer
configurations show slower convergence and
underperform in Behavior Policy returns.

• Freeway Environment: The baseline
achieves the best overall results, with transfer
configurations exhibiting delayed learning and
failing to match the baseline’s returns.

• Space Invaders Environment: Although
some transfer configurations achieve competi-
tive Target Policy returns, the baseline consis-
tently outperforms in terms of both learning
speed and final returns.

Detailed results for these environments are avail-
able in Appendix A (mean tables) and Appendix B
(learning curves).
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5 Conclusion and Discussion

While transfer learning has demonstrated signifi-
cant success in fields such as computer vision and
natural language processing, its impact in rein-
forcement learning has been comparatively limited.
Unlike these domains, where pretraining on large
datasets often leads to substantial improvements,
RL involves dynamically interacting with environ-
ments, making the transfer of learned policies or
representations more complex. Differences in re-
ward structures, action spaces, or task dynamics
between source and target environments can hinder
effective transfer, often leading to a phenomenon
known as negative transfer, where prior knowledge
from the source task impedes rather than accel-
erates learning in the target task. This inherent
complexity has made it challenging to replicate the
transformative effects of transfer learning seen in
other machine learning fields.
This observation raises a critical question: why

does transfer learning, which has proven effective in
other machine learning domains, yet fail to provide
significant benefits in this context? To answer this,
we delve into the challenges of applying transfer
learning, the limitations of the MinAtar environ-
ment, and the potential factors contributing to the
observed underperformance. By analyzing these is-
sues, we aim to highlight broader implications for
future research in transfer learning for reinforce-
ment learning systems.

5.1 Challenges with Transfer Learn-
ing

A key challenge in leveraging transfer learning in
reinforcement learning is balancing the integration
of knowledge from prior tasks with the dynamic,
task-specific demands of the target environment.
While PQN demonstrates some capacity for mul-
titask learning, the results of this study suggest
that its multitask capabilities may not be fully opti-
mized for effective transfer learning. Although PQN
can handle multiple tasks to an extent, the mecha-
nisms it employs for knowledge sharing and adap-
tation are not as robust as those seen in dedicated
multitask frameworks. This limitation may have
contributed to the lack of gains observed during
the stages of training for transfer configurations.
One possible explanation lies in how PQN pro-

cesses task-specific and transferable information.
Unlike architectures explicitly designed for transfer,
PQN lacks mechanisms to prioritize or selectively
refine useful features from the source task. Conse-
quently, during the initial stages of training, the
network may inadvertently overwrite or dilute pre-
trained knowledge as it aggressively explores the
target environment. This tendency can reduce the
utility of transfer, particularly when the source and
target tasks share only limited structural similari-
ties.

Moreover, while PQN’s multitask capabilities en-
able it to learn across tasks to some degree, its
design does not explicitly account for the chal-
lenges of negative transfer. For example, in this
study, all transfer configurations exhibited slower
convergence compared to the baseline, highlight-
ing instances where pretrained features from the
source task may have conflicted with the optimal
learning trajectory of the target task. This obser-
vation underscores the need for more sophisticated
task-alignment mechanisms that can distinguish
between transferable and non-transferable features.

Ultimately, the findings suggest that while PQN
has the potential to benefit from transfer learning,
achieving significant improvements requires a com-
bination of task-specific adjustments and algorith-
mic enhancements. Future research could explore
augmenting PQN with selective feature extraction
techniques to improve its capacity to handle more
complex transfer scenarios. These insights empha-
size that effective transfer learning in RL demands
both algorithmic and task-specific considerations,
even when the underlying model demonstrates mul-
titask learning capabilities.

5.2 Limitations of the MinAtar En-
vironment

The MinAtar environment, while a valuable tool
for benchmarking RL algorithms, introduces signif-
icant limitations that may impact the effectiveness
of transfer learning. Designed as a simplified ver-
sion of Atari environments, MinAtar reduces visual
complexity by employing compact, low-dimensional
state representations and deterministic dynamics.
While this design makes it computationally effi-
cient and easier to evaluate algorithms, it may in-
advertently diminish the potential for meaningful
transfer learning by simplifying the relationships
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between states, actions, and rewards. The limited
task diversity within MinAtar further restricts the
availability of transferable features, as the tasks of-
ten lack the nuanced complexities seen in larger-
scale benchmarks.
For instance, in this study, configurations pre-

trained on tasks such as Asterix or Breakout often
failed to produce significant gains when applied to
Freeway or Space Invaders. A plausible explana-
tion lies in the simplified nature of MinAtar tasks,
where the differences between source and target
tasks may not be rich or diverse enough to war-
rant the application of transfer learning. Without
the presence of complex visual patterns, intricate
dynamics, or high-dimensional representations, the
utility of transferring learned features is greatly re-
duced, as many of these features may already be
trivial to learn from scratch in the target task.
Furthermore, MinAtar’s lack of stochasticity and

limited task granularity may have exacerbated the
challenges of transfer learning observed in this
study. In more complex environments, such as those
found in the Atari Learning Environment (ALE) [7]
or real-world RL domains, tasks often require learn-
ing hierarchical policies or abstract representations
that can be shared across multiple environments. In
contrast, MinAtar’s simplicity reduces the need for
such shared abstractions, making transfer learning
less impactful.
Given these limitations, future studies could ben-

efit from exploring transfer learning in richer envi-
ronments that provide greater task diversity and
complexity. Benchmarks such as ALE [7], Man-
iskill2 [3], or IssacGym [8] may offer a more chal-
lenging and realistic testbed for evaluating the po-
tential of transfer learning. By incorporating high-
dimensional observations, stochastic dynamics, and
diverse task requirements, such environments could
provide a clearer picture of how transfer learning
techniques scale to real-world scenarios and com-
plex RL tasks.

5.3 Future Work

The findings of this study highlight the limitations
of transfer learning in the MinAtar environment
and suggest several promising directions for future
research. First, exploring hierarchical techniques
could significantly enhance transferability across
tasks. Hierarchical learning frameworks can enable

agents to decompose complex tasks into reusable
sub-components, fostering more effective knowl-
edge sharing. Similarly, meta-learning approaches,
as discussed by [22], can improve the adaptabil-
ity of RL algorithms by teaching them to learn
general strategies that extend beyond individual
tasks. These methods could help mitigate the neg-
ative transfer observed in this study by focusing on
transferable abstractions rather than task-specific
features.

Second, testing transfer learning strategies in
richer and more diverse benchmark environments
is essential. MinAtar’s simplicity may have limited
the scope of transferable features, underscoring the
need for environments with greater task diversity
and representational complexity. Platforms such as
the ALE [7], IsaacGym [8], and ManiSkill2 [3] of-
fer more realistic and stochastic environments that
could better demonstrate the potential of trans-
fer learning techniques. As noted in [19], increasing
the representational richness and diversity of tasks
is key to understanding how transfer learning can
scale to more complex RL scenarios.

Third, future research should examine advanced
transfer learning strategies tailored to reinforce-
ment learning domains. In [19], authors identified
methods such as instance transfer, feature transfer,
and policy transfer as critical avenues for improv-
ing RL performance across tasks. Building on these
ideas, recent advances like [12] and feature extrac-
tion can further refine how knowledge is reused be-
tween source and target tasks. Additionally, stud-
ies like [15] emphasize the importance of ensuring
task alignment to avoid negative transfer, which
was evident in some configurations of this study.
By combining these insights, future efforts could
develop robust algorithms capable of dynamically
adapting transferred knowledge to maximize learn-
ing efficiency.

Lastly, integrating adaptive exploration tech-
niques with transfer learning mechanisms could ad-
dress challenges related to overwriting or destabiliz-
ing pre-trained knowledge. RL agents often rely on
aggressive exploration strategies like epsilon greedy
that can interfere with the reuse of learned features.
By incorporating mechanisms that balance explo-
ration with the preservation of useful knowledge,
it may be possible to enhance both the speed and
quality of learning in transfer scenarios.

These directions highlight the need for further
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research into the intersection of algorithm design,
task complexity, and knowledge transfer. Advanc-
ing transfer learning for RL will be critical for
scaling algorithms to real-world applications, where
leveraging prior knowledge is essential for efficient
and robust decision-making.

5.4 Final Conclusion

This study provides a detailed exploration of the
effectiveness of transfer learning within reinforce-
ment learning domains, using the Parallelized Q-
Network and the MinAtar environment as a con-
trolled experimental framework. The findings re-
veal that while transfer learning offers modest ad-
vantages during the initial stages of training, its
impact diminishes as task-specific learning dynam-
ics dominate. This underscores the inherent com-
plexity of transfer learning in RL, where the intri-
cate interplay between algorithm design, task struc-
ture, and transferable features significantly influ-
ences outcomes.
The limited performance improvements observed

in this work highlight the importance of carefully
aligning source and target tasks to ensure meaning-
ful transfer. While computationally efficient envi-
ronments such as MinAtar may lack the task diver-
sity and representational richness required to fully
exploit transfer learning techniques, other factors
may also contribute to the observed limitations.
For instance, prior work by Sabatelli et al. [15] at-
tributes poor transfer performance to the overfit-
ting of the target network. However, this explana-
tion does not fully align with the results of this
study, as PQN does not employ a separate target
network, yet negative transfer remains prevalent.
This suggests that the root cause may instead lie in
the structural properties of the underlying Markov
Decision Processes (MDPs), as discussed by Tay-
lor and Stone [19]. Differences in state spaces, ac-
tion spaces, and reward functions between source
and target tasks could impede effective knowledge
transfer, even in algorithms that aim to generalize
across tasks.
Ultimately, this study reinforces the nuanced role

of transfer learning in RL, demonstrating that its
efficiency depends not only on the underlying algo-
rithm but also on the interplay between the envi-
ronment, task dynamics, and the mechanisms used
to facilitate the transfer. Advancing the field will

require continued efforts to design adaptive algo-
rithms, identify task-alignment strategies, and de-
velop benchmarks that reflect the challenges of
real-world decision-making scenarios. By address-
ing these areas, transfer learning can become a cor-
nerstone for scaling RL to increasingly complex and
practical applications.
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A Mean return tables

Table A.1: Breakout Environment Means

Configuration Target Policy Mean ± SE Behavior Policy Mean ± SE

Breakout-Baseline 92.56 ± 2.02 42.03 ± 1.03

Breakout-Transfer-From-Asterix-In-
Out-Reinit

74.86 ± 5.07 34.67 ± 1.80

Breakout-Transfer-From-Freeway-In-
Out-Reinit

95.03 ± 1.05 38.97 ± 1.35

Breakout-Transfer-From-
SpaceInvaders-In-Out-Reinit

88.13 ± 7.01 37.14 ± 1.64

Breakout-Transfer-From-Asterix-
Output-Reinit

62.03 ± 8.56 29.00 ± 2.11

Table A.2: Freeway Environment Means

Configuration Target Policy Mean ± SE Behavior Policy Mean ± SE

Freeway-Baseline 67.11 ± 0.14 60.53 ± 0.10

Freeway-Transfer-From-
SpaceInvaders-In-Out-Reinit

66.61 ± 0.25 59.76 ± 0.14

Freeway-Transfer-From-Asterix-In-
Out-Reinit

66.56 ± 0.27 59.74 ± 0.12

Freeway-Transfer-From-Breakout-In-
Out-Reinit

65.23 ± 0.62 59.38 ± 0.11

Table A.3: Space Invaders Environment Means

Configuration Target Policy Mean ± SE Behavior Policy Mean ± SE

SpaceInvaders-Baseline 161.70 ± 0.97 117.63 ± 1.21

SpaceInvaders-Transfer-From-
Freeway-In-Out-Reinit

161.60 ± 1.06 110.46 ± 1.70

SpaceInvaders-Transfer-From-Asterix-
In-Out-Reinit

158.70 ± 2.49 113.39 ± 2.41

SpaceInvaders-Transfer-From-
Breakout-In-Out-Reinit

162.80 ± 1.24 111.26 ± 1.63
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B Supplementary Figures

Figure B.1: Behavior Policy learning curves in the Breakout environment for various transfer
configurations. Shown here are the average returns over 20 million steps.
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Figure B.2: Target Policy learning curves in the Breakout environment for various transfer con-
figurations. The training was performed for 20 million steps, illustrating the evolution of mean
returns.
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Figure B.3: Behavior Policy learning curves in the Freeway environment for various transfer
configurations. Shown here are the average returns over 20 million steps.
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Figure B.4: Target Policy learning curves in the Freeway environment for various transfer con-
figurations. The training was performed for 20 million steps, illustrating the evolution of mean
returns.
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Figure B.5: Behavior Policy learning curves in the Space Invaders environment for various transfer
configurations. Shown here are the average returns over 20 million steps.

21



Figure B.6: Target Policy learning curves in the Space Invaders environment for various transfer
configurations. The training was performed for 20 million steps, illustrating the evolution of mean
returns.

ww

22


	Introduction
	Theoretical Background
	Reinforcement Learning
	Parallelized Q-Networks (PQN)
	Motivation and Design
	The PQN Algorithm
	Empirical Performance and Advantages

	Transfer Learning in Reinforcement Learning

	Methods
	Objective
	Model and Algorithms
	Environments and Tasks
	Experimental Metrics and Variables
	Configurations
	Baselines and Experimental Setup
	Implementation Details
	Hardware Specifications
	Data Collection and Analysis
	Reproducibility
	Mehtod Validation
	Challenges and Limitations

	Results
	Output-Reinit vs In-Out-Reinit
	Overall Comparison

	Conclusion and Discussion
	Challenges with Transfer Learning
	Limitations of the MinAtar Environment
	Future Work
	Final Conclusion

	Mean return tables
	Supplementary Figures

