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1 Introduction

The focus of my Ph.D. research proposal centers around an innovative approach
within the domain of Reinforcement Learning, specifically focusing on the con-
cept of building an In-Context model via Policy Distillation. This approach in-
volves sequential modeling, notably the transformers architecture, in combina-
tion with offline reinforcement learning. The central objective is to thoroughly
investigate and advance the methodology of training in-context foundation model
- Causal Model.

This model is trained using a large dataset that captures agents’ historical in-
teractions with a dynamic environment while solving various tasks. This dataset
is commonly accumulated during the training process of a basic RL algorithm.
As a result, the trained Causal Model enables autoregressively predict actions
based on prior learning histories.

This method offers several distinct advantages in contrast to conventional
Reinforcement Learning (RL) approaches. Importantly, it enhances data effi-
ciency compared to models that generated the source training data. Moreover,
it leverages the architecture of transformer models, thereby affording access to
a multitude of effective optimization techniques [1].

This research holds significance in potentially revolutionizing task learning
in Reinforcement Learning. By transitioning from isolated RL policy models
for each task to a more comprehensive approach focused on ”learning how to
learn,” and building foundation models. These models can subsequently be more
adaptive and efficient via fine-tuning using minimal task-specific data, which
leads to a reduction in the temporal and resource requirements associated with
training RL solutions.

The potential applications of this research extend across various domains,
offering solutions to challenges and complexities in high-risk sectors such as
medicine. By capitalizing on the capacity for offline reinforcement learning within
authentic environments, this methodology can use the treatment histories of
real patients, guided by actions prescribed by medical professionals to train
the model and then use it to enhance medical decision-making processes utilize
multi-context robustness to dynamical environments.

Moreover, this method can be used in domains with resource-intensive envi-
ronments, such as goal-oriented conversational chatbots. Constructing elaborate
systems for agents to interact with real individuals incurs substantial costs. How-
ever, through offline reinforcement learning, historical conversational data can
be distilled, facilitating the development of a robust model capable of not only
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optimizing diverse end goals across varied contexts but performing well in other
environment-related tasks.

The potential applications are not confined to these scenarios; they extend to
domains that require quick policy adaptations within familiar environments. This
appears as a use case for a foundational model, fine-tuned with limited expert
interaction data. These applications encompass domains like trading, portfolio
optimization, and fraud detection, where the ability to rapidly adapt policies
while harnessing minimal expert input can yield enhanced performance and ef-
fective decision-making.

2 The current state of research

Recent studies demonstrate the potential of learning policies from offline data us-
ing imitation learning and sequential modeling. Noteworthy contributions demon-
strate the effectiveness of such approaches in accomplishing singular tasks, em-
ploying architectural frameworks like the Decision Transformer [2] and Trajec-
tory Transformer [3]. Additionally, these methodologies exhibit promise in ad-
dressing multi-task problems within a unified domain, exemplified by the Multi-
Goal Decision Transformer (MGDT) [4] approach applied to Atari games [5].
Moreover, the power of transformers is exemplified by their role in constructing
a unified generalist agent (Gato) [6], capable of navigating diverse modalities,
tasks, and embodiments.

However, these methodologies face limitations in augmenting policies through
additional interaction with the environment. MGDT’s dependence on fine-tuning
for new tasks which require resource-intensive data collection, prevents its practi-
cal viability. Instead, the Gato framework requires expert prompting for learning
new tasks, which can be expensive.

The latest advancements in the field of Policy Distillation [7] provide an in-
teresting hypothesis about the difficulties in policy improvement. They suggest
that the challenge in policy improvement stems from the lack of policy progress
within the training data. This occurs because of the short training context win-
dow, which fails to capture the learning dynamics between episodes. To mitigate
this issue, the study introduces the Algorithm Distillation method [7], leveraging
the historical learning of the RL algorithm across various tasks. This methodol-
ogy entails training a causal transformer network through the optimization of a
causal sequence prediction loss.

Significantly, Algorithm Distillation [7] not only rectifies this limitation but
also showcases remarkable out-of-distribution generalization capabilities. This
observation makes a promising expectation, suggesting the potential for policy
distillation to yield a universal and robust model capable of performing in dy-
namic environments. However, this method shared a problem of using a large
enough contextual window size in transformer input. As indicated in [7] a sub-
stantial correlation exists between window size and performance. Consequently,
a crucial task lies in developing efficient strategies to process long window inputs,
since most modern reinforcement learning tasks involve long episodes.
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3 Motivation

This research proposal is motivated by the need to address critical challenges
in the Reinforcement Learning domain specific in-context foundation models.
Based on existing research gaps, this study aims to address the following key
research questions.

3.1 Efficient Handling of Large Window Inputs

I will explore methods to efficiently process large window inputs, considering al-
ternative sequential architectures like LSTM [8] for improved memory efficiency.
Another direction of investigation involves exploring the optimization of input
efficiency through modern attention mechanisms. For instance, Longformer [9]
presents an attention mechanism that scales linearly with input sequence length.
Similarly, Nystromformer [10] introduces the application of the Nystrém method
for approximating self-attention matrices. These techniques offer promising path-
ways for enhancing the handling of larger inputs in our research.

3.2 Semi-Supervised Learning for Data Subsampling and
Distillation

The research will utilize semi-supervised learning techniques for subsampling sig-
nificant states, actions, and rewards from large windows of input. By distilling
crucial information, this approach seeks to accelerate model training while main-
taining or improving performance, potentially using aggregation mechanisms or
hierarchical representations layer before transformer attention layers.

3.3 Self-Generated Data for Enhanced Training

The research will explore the concept of using trained models to self-generate
additional data for offline RL training. In [11] proposed leveraging the trained
model to generate more offline data to further boost the sequence model training.

These research questions are carefully chosen to address gaps in the current
state of research, as detailed in the proposal. By tackling these questions, the
research not only aims to contribute scientifically and technically to the RL field
but also aligns with motivations of pushing boundaries and leaving a lasting
impact on the advancement of Reinforcement Learning.

4 Methodology

The proposed research will employ a structured methodology to investigate and
advance the concept of building an In-Context model via Policy Distillation
within the domain of Reinforcement Learning.
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4.1 Literature Review and Theoretical Foundation

My approach begins with a comprehensive review of literature encompassing Re-
inforcement Learning, sequential modeling, and transformer architectures. This
pivotal step will lay a robust theoretical groundwork, to work with in-context
foundation models, policy distillation, and their interconnected techniques.

4.2 Performance Evaluation of LSTM Architecture

The next step will be the rigorous assessment of the LSTM [8] architecture’s
viability as a Causal Model to effectively handle extensive window inputs. I will
conduct a comparative study, evaluating the performance, speed, and memory
efficiency of the LSTM solution against the established Transformer approach.

4.3 Integration of Modern Contextual Methods

The methodology will embrace the integration of modern techniques derived
from Large Language models, notably Longformer [9] and Nystromformer [10],
to address large window contexts. Implementing these methods practically will
enable empirical testing on benchmark tasks, like Adversarial Bandit and Dark
Room [7]. This will provide a valuable comparison with existing Foundation
model strategies and fundamental RL-Algorithms such as off-policy DQN [12]
and A3D [13].

4.4 Leveraging Semi-Supervised Learning for Distillation

An important step is the exploration of Semi-Supervised Learning techniques for
distilled data subsampling. By selectively distilling states, actions, and rewards
from extensive input windows, the goal is to shape a simplified training dataset.
This phase might involve using Triplet loss [14] or other Contrastive Loss mech-
anisms [15], reducing the need for complex data labeling while improving the
model’s ability to capture essential embeddings.

4.5 Scaling to Complex Environments

If promising results are obtained, there is the potential to allocate additional
resources toward training the foundational model in more intricate pixel-based
environments. An example of such an environment is the extensive collection of
Atari games [5]. This extension aims to test the model’s adaptability to complex
and diverse scenarios.

4.6 Self-Generated Data for Augmentation

An exploration into the utilization of trained models for self-generating supple-
mentary offline data is another integral part of the methodology. This iterative
process will ensure the generated data aligns seamlessly with the inherent dis-
tribution of the environment, thus improving the training dataset.
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4.7 Comprehensive Discussion and Future Paths

As the methodology culminates, a comprehensive discussion will ensue, interlink-
ing the findings with the initial research questions and the prevailing research
landscape. The implications for the field of Reinforcement Learning, particu-
larly for in-context foundation models, will be explored in detail. This will lay
the groundwork for potential avenues of future research.

The iterative nature of this methodology will allow the fine-tuning and op-
timization of the proposed strategies. As a machine learning research, this ap-
proach signifies a proactive effort, aimed at contributing to the field of Rein-
forcement Learning through innovative insights.

5 Conclusion

In summary, this Ph.D. research proposal presents an innovative approach to en-
hance existing Reinforcement Learning techniques by refining In-Context mod-
els through Policy Distillation. By leveraging sequential modeling, transformers,
and offline reinforcement learning, the objective is to bridge gaps, improve data
efficiency, and speed-up transition from isolated policy models approach to a
comprehensive ”learning how to learn” framework.

The research questions target key gaps, aiming to optimize the handling of
large windows, implement semi-supervised data distillation, and adapt the usage
of self-generated data. This proactive strategy aligns to advance Reinforcement
Learning while building upon established foundation models.

The structured methodology combines established and novel techniques, promis-
ing transformative insights into refining in-context models. The possible success
holds the potential to contribute to revolutionizing approaches in the Reinforce-
ment Learning landscape, optimizing resource utilization, and fostering adapt-
able solutions across diverse domains.
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