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Abstract

A major challenge in Al and machine learning is the ability to quickly adapt an intelligent agent to a new, and often very
different, environment. In dynamic environments, conventional reinforcement learning and supervised learning
methods tend to rely on a lot of task-specific data and lengthy training periods, which can hinder efficiency. In this
paper, we propose a novel cross-domain knowledge transfer framework that enhances the adaptation speed of agents
by combining domain-invariant feature extraction, the reuse of policies, and structured knowledge distillation. The
framework allows for the effective transfer of knowledge from past experiences, while also reducing "negative transfer”
of information as the agents learn in a new environment. The experiments were run on the modified version of
LunarLander, CartPole, and MountainCar tasks, along with the image-based cross-domain tasks using MNIST and
Fashion-MNIST datasets. The following measures were used to evaluate: cumulative reward, task success rate,
adaptation speed, and computational efficiency. The proposed framework demonstrated a consistent improvement
over the standard reinforcement learning, fine-tuning, and MAML-based adaptation methods, with the average task
success rate of 92%, cumulative rewards of up to 220, and a decreased number of adaptation episodes by over 50%.
The ablation studies further demonstrated that all the components are important and make a large impact on
improving learning efficiency, especially domain-invariant feature extraction. The outcomes demonstrated the
framework's ability to transfer knowledge to a variety of environments, suggesting its potential for use in robotics,
autonomous systems, and multi-agent coordination. Going forward, the work will include scaling to highly divergent
domains, adaptive weighting strategies, and real-world deployments to assess robustness and applicability further.

Keywords: Cross-domain learning, Knowledge transfer, Agent adaptation, Policy reuse, Domain-invariant features,
Reinforcement learning, multi-agent systems.
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1. Introduction

Adapting intelligent agents to new and unfamiliar environments is a key challenge in the field of artificial
intelligence and machine learning [2]. Traditional learning approaches, such as reinforcement learning and
supervised learning, require a lot of task-specific training data and interaction with the environment, making
them inefficient in dynamic or unseen environments [1][13]. A potential solution is cross-domain knowledge
transfer, where agents can utilize knowledge that they have gained in previous tasks or environments to help
them learn faster in a new environment [4][5].

This paper tackles the challenge of creating algorithms to enable the effective and efficient transfer of knowledge
across heterogeneous domains [11]. The emphasis is on empowering agents to quickly adjust to new
environmental conditions in order to perform at an optimum level with minimum training time [9]. Some
important goals are to create tools for: Domain-invariant Feature Extraction, Policy Reuse and Structured
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Knowledge Distillation, so that prior learning can be used to aid new tasks without causing negative transfer to
them [10][17].

The study also highlights the need to measure adaptation performance in terms of common indicators like task
success rate, accumulated reward, and adaptation speed. This section aims to point out that transfer across
domains is neither easy nor trivial, and outlines the motivation for creating strong algorithms that increase the
agent's ability to be flexible and generalizable. The proposed approach seeks to develop scalable and practical
solutions that can be applied to a variety of Al applications, such as robotics, autonomous systems, and multi-
agent environments.

Key Contributions

. Creation of a novel cross-domain knowledge transfer framework to help agents easily adjust to new and
diverse environments.

. New feature representations and policies are introduced to ensure domain-invariant representation and
reusing features to reduce negative transfer and enhance adaptation efficiency.

. Detailed comparison against benchmark datasets and simulations, with significant increases in task
success rates, faster convergence, and better generalization than traditional learning approaches.

In Section I, the research problem and the necessity of quick cross-domain adaptation are introduced, along with
the research goals of this study. The existing studies on transfer learning, domain adaptation, and multi-agent
learning are summarized, and research gaps are identified in Section II. In Section III, the proposed methodology
is introduced, which involves algorithmic design, domain mapping, and knowledge distillation mechanisms. The
experimental setup, datasets, evaluation metrics, and hardware/software configurations are explained in Section
IV. The results, performance analysis, and comparative evaluation are discussed in Section V, and the conclusion
and future directions are discussed in Section VI.

2. Literature Survey

Cross-domain knowledge transfer has become a key technique in Al, crucial to fast adaptation in new
environments [3][7]. The existing research efforts in transfer learning have concentrated on improving the
learning effectiveness by using pre-trained models to lessen the need for an adequate amount of data in the target
task [6]. Fine-tuning and feature-based transfer have been successful in homogeneous domains, but have been
unsuccessful when applied to heterogeneous or vastly different domains. The main purpose of domain
adaptation is to overcome this limitation by trying to match feature distributions from the source to the target
domain, but it may suffer from scalability and generalization problems in highly variable target domains.

In recent years, meta-learning techniques, such as model-agnostic meta-learning (MAML) and variants, have
gained significant traction for enabling agents to acquire new tasks with low training costs [8][14]. They focus
on fast adaptation by fine-tuning model parameters to quickly adjust to the task, but they may impose high
computational costs, and the requirement for task similarity may be a limiting factor for practical use [12][18].
There has been a great deal of research on multi-agent learning systems that have investigated learning through
collaboration to speed up adaptation, while ensuring that the agents do not interfere with each other or that
there is no negative transfer [15][16].

More recently, knowledge distillation and policy reuse have been shown to be effective ways to efficiently transfer
experience across tasks. These techniques allow the critical data to be preserved and reduce the chance of
degradation of performance when using them in new domains. While these developments have been made, there
is still a lack of scalable algorithms for integrating domain-invariant feature extraction, policy reuse, and
structured knowledge distillation to obtain good adaptation results across dynamic and diverse
environments[19][20]. In this study, we try to tackle this by proposing a comprehensive cross-domain knowledge
transfer framework for fast and efficient agent adaptation.
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3. Methodology

The proposed approach is directed towards the possibility of fast transfer of knowledge from one domain to
another in order to adapt agents to new environments. The framework aims to build on prior learning and
optimize negative transfer and learning efficiency in disparate domains. Structured Knowledge Distillation,
Policy Reuse, and Domain Invariant Feature Extraction are the key elements of the methodology.
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Figure 1: Conceptual framework for cross-domain knowledge transfer for rapid agent
adaptation

The cross-domain knowledge transfer framework is proposed in Figure 1. In general, the central Knowledge
Transfer Engine integrates domain-invariant feature extraction, policy reuse, and knowledge distillation
techniques, which are fed from source domains with a variety of tasks. Knowledge Consolidation through a
shared latent representation. The engine produces adaptation strategies for the target environment, which allow
the agent to rapidly adapt and converge with a high success rate and generalization. The engine is continuously
improved as a result of data from the target environment.

Domain-Invariant Feature Extraction

This component makes sure features gained from the source domain are relevant and transferable to the target
domain. Each domain has a neural feature encoder that transforms the high-dimensional observation into a
shared latent space, thereby mitigating domain-specific biases. Formally, given source domain data X;and target
domain data X;, the encoder fyproduces representations Z; = fg(X;)and Z; = fy(X;)that minimize the
distribution divergence D(Z,, Z;), such as Maximum Mean Discrepancy (MMD):
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Equation (1) shows the MMD-based domain alignment loss

Policy Reuse Mechanism

Existing action-value functions are weighted averages and used to adapt previously learned policies from source
tasks to the target environment. Let Q;denote the source domain Q-function and @, the target domain Q-function.
The updated policy Q{is calculated as:
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Qi(s,a) = aQs(s,a) + (1 — a)Qc(s, a) (2)

Where in equation (2) a € [0,1]controls the contribution of prior knowledge, allowing agents to balance between
exploration and exploitation in the new environment.

Structured Knowledge Distillation

It is a technique that passes on the important information from source models to target models in a condensed
format. The soft targets created from source models help the learning of target models, saving time and retaining
essential behaviors. The distillation loss L, is defined as:

Lo == Ploghl (3
i

where in equation (3) P;and P; are the softmax outputs of the source and target models, respectively.

The proposed methodology combines these elements to allow agents to effectively use their previous knowledge,
adapt quickly to new environments, and perform well in various domains. The framework can be applied to
various Al applications, such as robotic control, autonomous navigation, and multi-agent coordination.

4. Experimental Setup and Evaluation

A cross-domain knowledge transfer framework was tested by applying some benchmark datasets and developing
simulated environments to evaluate the adaptability of the agents in the different domains. OpenAl gym
environments for reinforcement learning experiments (CartPole, LunarLander, and MountainCar) were modified
to enable different dynamics and observation spaces to represent different domain conditions. Moreover, image-
based tasks used the Fashion-MNIST and MNIST datasets as test sets to investigate cross-domain transfer in the
visual recognition task. The datasets include a wide range of input distributions that can be used to assess
domain-invariant feature extraction and policy reuse mechanisms.

The configurations used an Intel Core i7-12700H CPU, 32 GB of DDR5 RAM, and NVIDIA RTX 3080 with 10 GB of
VRAM. The experiments were carried out in Python 3.10, TensorFlow 2.12.0, and Keras 2.12.0 (for neural
network components) and NumPy and OpenAl Gym (for environment simulation). Learning rate, batch size, and
discount factor were fine-tuned with preliminary validation experiments, and early stopping was implemented
to avoid overfitting the policy networks.

To quantify adaptation efficiency and task performance, evaluation metrics were identified. These comprised:
cumulative reward over episodes for learning effectiveness, task successes for goal completion, the number of
episodes before a set performance criterion was met (adaptation speed), and seconds per episode of training
(computational efficiency). Standard reinforcement learning models without transfer, fine-tuning methods, and
meta-learning methods like MAML were used as comparative baselines. Performance was then evaluated using
graphs and tables, which illustrate learning curves, cumulative reward, and adaptation speed to be able to
extensively evaluate the effectiveness of the proposed framework in comparison to the existing one.

5. Results and Discussion

Performance in Reinforcement Learning Environments

In Reinforcement Learning Environments: The proposed cross-domain knowledge transfer framework showed
promising results in various reinforcement learning tasks. The agents that used domain-invariant feature
extraction, policy reuse, and knowledge distillation achieved improved cumulative reward and faster
convergence. For example, in the modified LunarLander environment, the framework could reach 200
cumulative rewards in 35 episodes, whereas reinforcement learning reached 200 cumulative rewards in 80
episodes, and adaptation based on MAML reached 200 cumulative rewards in 50 episodes. The success rate for
tasks was 92%, higher than the success rate for fine-tuning (78%) and MAML (81%). The findings indicated the
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effectiveness of the framework in fostering accelerated learning and stability of learning in heterogeneous
domains.

Performance in Cross-Domain Image Classification

The proposed method achieved 94% classification accuracy in visual recognition tasks with datasets from
different domains (MNIST to Fashion-MNIST). The obtained results were 87% and 90%, respectively, for fine-
tuning and MAML-based adaptation. By seamlessly incorporating knowledge distillation, the essential
characteristics of source domains were preserved, allowing the target model to adapt rapidly.

Ablation Study

The contribution of each component was verified by ablation analysis. The key to adaptation efficiency was
‘domain-invariant feature extraction'. Using policy reuses and knowledge distillation, learning stability and
negative transfer were further improved, especially when the divergence between the source and target domains
was high.

D. Comparative Evaluation Table

Table 1: Comparative evaluation of agent adaptation performance across methods.

Model / Method Cumulative Task Success Adapta.tion Speed Computa.tion Time
Reward Rate (%) (Episodes) (s/episode)
Standard RL 150 78 80 0.85
Fine-Tuning 170 81 50 0.90
MAML-B
ased 185 82 50 1.05
Adaptation
Proposed Cross- 220 92 35 0.95
Domain Framework

The results presented in Table 1 demonstrate the superior performance of the proposed framework in terms of
cumulative reward, task success rate, and adaptation speed, while requiring a similar amount of computation.

Learning Curve Graph

The four methods' cumulative reward against episode number plots are shown in Figure 1 in the modified
LunarLander environment. The proposed framework shows faster convergence and higher performance in the
end, indicating that it is more efficient in adapting than the standard RL, fine-tuning adaptation, and MAML

adaptation.
Learning Curve Comparison: Cumulative Reward vs Episodes

— SLandard ML
Ane-Tuning /\//—”——
200 — MAML-Based Adaptation

— Proposed Framework

100

Cumulative Reward
\
%\
\
5
e

Episodes

Figure 2: Learning curve comparison of cumulative reward across episodes.
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The proposed cross-domain framework achieved excellent final performance and converged quickly, as shown
in Figure 2, which demonstrates the effectiveness of the proposed framework.

6. Conclusion

The proposed study introduced a new cross-domain knowledge transfer framework, which could be used to
transfer knowledge between domains to quickly adapt the agents with respect to heterogeneous and unseen
environments. The framework achieved better performance than the standard reinforcement learning, fine-
tuning, and MAML-based adaptation approaches, combining domain-invariant feature extraction, policy reuse,
and structured knowledge distillation. The quantitative findings indicated a 92% task success rate, a total of 220
cumulative rewards, and a decrease of only 35 adaptation episodes, demonstrating substantial learning efficiency
and generalization improvements. For the critical role of each component in accelerating the adaptation and
minimizing the negative transfer, ablation studies were conducted. The results show that the proposed
framework is applicable to various applications of Al, such as robotics, autonomous navigation, and multi-agent
systems, where adaptability to dynamic environments is crucial. Extensions to environments with extreme
divergence, integration of adaptive weighting strategies for policy reuse, and better representation learning to
increase robustness are areas for future research. Further research might include field tests with physical robots
or multi-agent coordination scenarios to test for scalability and applicability. Overall, the framework lays the
groundwork for creating agents that can adapt quickly, accurately, and universally to a wide range of domains, a
capability that falls between the cracks in existing cross-domain learning techniques.
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