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Overview

Students may choose one of the following topics for their final project. Each topic includes a
comprehensive technical introduction, a list of historical landmark papers, and a selection of
recent state-of-the-art (SOTA) papers to guide your research.

1 Exploration in Reinforcement Learning

Technical Introduction:
Exploration remains one of the most critical challenges in Reinforcement Learning. It addresses
the fundamental trade-off between exploiting current knowledge to maximize reward and ex-
ploring the environment to discover potentially superior strategies. In environments with sparse
or deceptive rewards (e.g., Montezuma’s Revenge), simple dithering strategies like ϵ-greedy fail
completely. Research in this domain focuses on designing intrinsic reward signals that guide the
agent in the absence of extrinsic feedback. Key approaches include:

• Count-Based Exploration: Generalizing visitation counts to continuous state spaces
using density models or pseudo-counts.

• Intrinsic Motivation: Formulating curiosity based on prediction error (the inability to
predict the next state), novelty, or information gain.

• Maximum Entropy RL: Encouraging stochastic policies that cover the state space more
broadly.

• Goal-Oriented Exploration: Automatically generating and pursuing sub-goals to tra-
verse the state space.

Landmark Papers (Foundations):

• Bellemare et al. (2016) - Unifying Count-Based Exploration and Intrinsic Motivation
(NeurIPS) [4].
[Introduces pseudo-counts for continuous exploration].

• Burda et al. (2018) - Exploration by Random Network Distillation (RND) (ICLR) [5].
[A standard baseline for intrinsic motivation using prediction error of a fixed random
network].

• Pathak et al. (2017) - Curiosity-driven Exploration by Self-supervised Prediction (ICML) [29].
[Introduces the Intrinsic Curiosity Module (ICM) based on inverse dynamics models].

• Ecoffet et al. (2019) - Go-Explore: a New Approach for Hard-Exploration Problems
(Nature) [11].
[Demonstrates the power of returning to promising states rather than just random walking].

State-of-the-Art Papers (2022-2024):
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• Henaff et al. (2022) - Exploration via Elliptical Episodic Bonuses (E3B) (NeurIPS) [17].
[Proposes a computationally efficient exploration bonus based on the elliptical potential of
the visited state embeddings].

• Zhang et al. (2023) - Novgrid: A Flexible Grid World for Evaluating Agent Creativity
and Exploration (AAAI/arXiv) [40].
[While a benchmark paper, it introduces novel metrics and baselines for evaluating open-
ended exploration in procedurally generated worlds].

2 Regularization and Representation Learning in RL

Technical Introduction:
Deep RL agents often struggle to generalize beyond their training environments due to overfitting
to specific visual cues or dynamics (e.g., background colors, friction). Representation learning
aims to map high-dimensional observations (pixels) into a compact, informative latent space
that is robust to task-irrelevant distractions. Key techniques include:

• Data Augmentation: Applying random crops, color jitters, or rotations to observations
to force the agent to learn invariant features.

• Contrastive Learning: Using self-supervised losses (like InfoNCE) to learn state em-
beddings that distinguish between temporally close and distant states.

• Auxiliary Tasks: Training the network to predict depth, reward, or future states along-
side the policy, enriching the learned representation.

• Bisimulation Metrics: Learning state representations that are mathematically equiva-
lent only if they lead to identical future reward sequences.

Landmark Papers (Foundations):

• Laskin et al. (2020) - Reinforcement Learning with Augmented Data (RAD) (NeurIPS) [21].
[Shows that simple image augmentations can match or beat complex model-based methods].

• Srinivas et al. (2020) - CURL: Contrastive Unsupervised Representations for Reinforce-
ment Learning (ICML) [35].
[Applies contrastive losses to learn state representations without reconstruction].

• Jaderberg et al. (2016) - Reinforcement Learning with Unsupervised Auxiliary Tasks
(ICLR) [18].
[Introduces the UNREAL agent which learns faster by solving side-tasks].

• Cobbe et al. (2019) - Quantifying Generalization in Reinforcement Learning (ICML) [8].
[Highlights the overfitting problem in RL and introduces the CoinRun benchmark].

State-of-the-Art Papers (2022-2024):

• Yarats et al. (2022) - Mastering Visual Continuous Control: Improved Data-Augmented
Reinforcement Learning (DrQ-v2) (ICLR) [38].
[The current gold standard for sample-efficient model-free RL from pixels].

• Schwarzer et al. (2023) - Bigger, Better, Faster: Human-level Atari with human-level
efficiency (BBF) (ICML) [33].
[Demonstrates that scaling networks and using SSL objectives allows model-free agents to
reach human-level sample efficiency].
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• Zhang et al. (2020) - Learning invariant representations for reinforcement learning without
reconstruction (ICLR) [39].
[Achieves robustness to visual distractions by learning bisimulation metrics rather than
pixel reconstruction].

• Mondal et al. (2022) - EqR: Equivariant Representations for Data-Efficient Reinforcement
Learning (ICML) [26].
[Leverages geometric symmetries in the environment to improve sample efficiency through
equivariant representations].

• Dunion et al. (2023) - Conditional Mutual Information for Disentangled Representations
in Reinforcement Learning (NeurIPS) [10].
[Proposes a new objective based on conditional mutual information to disentangle state
representations for better generalization].

3 RL for Robotics

Technical Introduction:
Transferring RL from simulation to the real world (”Sim-to-Real”) is the central bottleneck
in robotic learning. Real-world robots are expensive, fragile, and data-inefficient compared to
simulated agents. Research topics include:

• Sim-to-Real Transfer: Using Domain Randomization (varying physics/visuals in sim)
so the real world looks like just another variation.

• Sample Efficiency: Algorithms like Soft Actor-Critic (SAC) that can learn stable policies
with minimal interaction.

• Offline RL: Learning from pre-recorded datasets of human or robot demonstrations with-
out online interaction.

• Residual Learning: Learning a corrective ”delta” policy on top of a classical controller.

Landmark Papers (Foundations):

• Haarnoja et al. (2018) - Soft Actor-Critic: Off-Policy Maximum Entropy Deep Reinforce-
ment Learning with a Stochastic Actor (ICML) [13].
[The gold standard algorithm for continuous control robotics].

• Tobin et al. (2017) - Domain Randomization for Transferring Deep Neural Networks from
Simulation to the Real World (IROS) [36].
[Key technique for Sim-to-Real transfer].

• Andrychowicz et al. (2020) - Learning Dexterous In-Hand Manipulation (IJRR/OpenAI) [28].
[Demonstrates solving the Rubik’s cube with a robot hand using RL].

• Johannink et al. (2019) - Residual Reinforcement Learning for Robot Control (ICRA) [20].
[Combines deep RL with conventional feedback control to solve complex manipulation
tasks].

State-of-the-Art Papers (2022-2024):

• Zhao et al. (2020) - Domain Generalization via Entropy Regularization (NeurIPS) [41].
[Introduces entropy regularization techniques to improve the generalization of policies across
different domains].

• Seo et al. (2023) & Dunion et al. (2024) - Multi-View Robotic Fusion [9, 34].
[Approaches for fusing multiple camera streams to handle occlusions and improve state
estimation in robotics].
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4 Sequence Modeling & Action Chunking (Generative RL)

Technical Introduction:
This emerging paradigm reframes Reinforcement Learning not as a dynamic programming prob-
lem (Bellman updates), but as a sequence modeling problem. Inspired by the success of Large
Language Models (LLMs), these approaches treat a trajectory of (state, action, reward) as a
sequence of tokens.

• Decision Transformers: Predicting the next action given the history and a target return
(conditioning on the desired outcome).

• Action Chunking: Instead of outputting a single action at at every high-frequency
timestep (which is hard for long horizons), the policy predicts a ”chunk” of actions at:t+k

to execute open-loop. This is crucial for high-frequency robotic control.

• Diffusion Models: Generating entire trajectories of optimal behavior using diffusion
probabilistic models, allowing for flexible constraints and ”inpainting” of behaviors.

Landmark Papers (Foundations):

• Chen et al. (2021) - Decision Transformer: Reinforcement Learning via Sequence Modeling
(NeurIPS) [6].
[Treats RL as a sequence modeling problem using Transformers, predicting actions from
states and returns].

• Janner et al. (2022) - Planning with Diffusion for Flexible Behavior Synthesis (Diffuser)
(ICML) [19].
[Uses diffusion models to generate entire trajectories of states and actions].

• Zhao et al. (2023) - Learning Fine-Grained Bimanual Manipulation with Low-Cost Hard-
ware (ACT) (RSS/CoRL) [42].
[Introduces Action Chunking with Transformers (ACT) explicitly for robotics imitation
learning].

• Ajay et al. (2022) - Is Conditional Generative Modeling all you need for Decision-Making?
(ICLR) [2].
[Argues for generative models over standard Bellman updates].

State-of-the-Art Papers (2022-2024):

• Li et al. (2025) - Action Chunking [22].
[Uses Transformers to predict ”chunks” of future actions, smoothing control and overcom-
ing latency].

• Chi et al. (2023) - Diffusion Policy for RL [7, 31].
[Models the robot’s policy as a conditional diffusion process, enabling the generation of
multimodal behavior].

5 Model-Based RL and World Models

Technical Introduction:
Model-Based RL (MBRL) addresses sample inefficiency by learning a model of the environment’s
dynamics (P (s′|s, a)) and rewards. The agent can then ”dream” or plan inside this learned model
to update its policy without interacting with the real world. Key areas of innovation:
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• Latent Dynamics: Learning the model in a compressed latent space rather than pixel
space to avoid the difficulty of predicting high-dimensional images.

• Uncertainty Estimation: Using ensembles of models to estimate epistemic uncertainty
and avoid model exploitation (planning in regions where the model is wrong).

• Planning Algorithms: Integrating tree search (MCTS) or trajectory optimization (CEM)
with learned value functions.

Landmark Papers (Foundations):

• Ha & Schmidhuber (2018) - World Models (NeurIPS) [12].
[Separates the ”vision” model (VAE) from the ”memory” model (RNN) to learn inside a
dream].

• Hafner et al. (2019/2020) - Dreamer: Scalable Reinforcement Learning Using World Mod-
els (ICLR) [14].
[State-of-the-art model-based agent that learns behaviors purely from latent imagination].

• Chua et al. (2018) - Deep Reinforcement Learning in a Handful of Trials using Probabilistic
Dynamics Models (PETS) (NeurIPS).
[Uses ensembles of probabilistic networks to handle model uncertainty].

• Schrittwieser et al. (2020) - Mastering Atari, Go, Chess and Shogi by Planning with a
Learned Model (MuZero) (Nature) [32].
[Learns a value-equivalent model for planning without reconstructing observations].

State-of-the-Art Papers (2022-2024):

• Hafner et al. (2023) - Mastering Diverse Domains through World Models (DreamerV3)
(arXiv/ICLR) [15].
[The first algorithm to solve tasks across disparate domains (Atari, Minecraft, Robotics)
with fixed hyperparameters].

• Micheli et al. (2023) - Transformers are Sample Efficient World Models (IRIS) (ICLR) [25].
[Demonstrates that replacing RNNs with Transformers in world models leads to superior
sample efficiency in Atari].

• Hansen et al. (2022) - Temporal Difference Learning for Model Predictive Control (TD-
MPC) (ICML) [16].
[Combines model-based planning with model-free value estimation for robust continuous
control].
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Advanced Topics

A. Hierarchical RL (HRL)

Technical Introduction:
HRL tackles the ”curse of dimensionality” in time. For tasks with long horizons (thousands
of steps), standard RL suffers from vanishing gradients and credit assignment issues. HRL
decomposes the problem into layers of abstraction:

• High-Level Controller (Manager): Selects abstract ”goals” or ”options” (temporally
extended macro-actions).

• Low-Level Controller (Worker): Executes primitive actions to achieve the goal set by
the Manager.

Current research focuses on Goal Representation (how to define sub-goals?), Skill Discovery
(learning useful sub-policies without supervision), and Off-policy correction (handling non-
stationary transitions between levels).

Landmark Papers (Foundations):

• Vezhnevets et al. (2017) - FeUdal Networks for Hierarchical Reinforcement Learning
(ICML) [37].
[A Manager-Worker architecture where the Manager sets abstract goals for the Worker].

• Nachum et al. (2018) - Data-Efficient Hierarchical Reinforcement Learning (HIRO) (NeurIPS) [27].
[Introduces off-policy correction to allow high-level policies to learn from old low-level tran-
sitions].

• Bacon et al. (2017) - The Option-Critic Architecture (AAAI) [3].
[Extends actor-critic methods to learn ”Options” (temporally extended actions) end-to-
end].

• Eysenbach et al. (2019) - Search on the Replay Buffer: Bridging Planning and Reinforce-
ment Learning (NeurIPS).
[Uses HRL to plan using waypoints from the replay buffer].

State-of-the-Art Papers (2022-2024):

• Li et al. (2023) - Hierarchical Reinforcement Learning with Timed Subgoals (NeurIPS) [23].
[Addresses the issue of temporal abstraction by explicitly learning the duration of subgoals].

B. Safe Reinforcement Learning

Technical Introduction:
Deploying RL in the real world (e.g., autonomous driving, healthcare, industrial control) re-
quires strict safety guarantees. Standard RL maximizes expected return, which may involve
unacceptable risks during exploration. Safe RL reformulates the problem as a Constrained
MDP (CMDP): maximize reward subject to cost constraints (e.g., ”drive fast but keep collision
probability < 0.1%”). Techniques include:

• Lagrangian Relaxation: Converting constraints into adaptive penalty terms in the
reward function.

• Lyapunov Functions: Creating stability certificates that guarantee the agent stays
within a safe region of the state space.

Page 6



CSC415: Course Project Topics Research References

• Safety Layers: Analytical shields that override the RL agent’s actions if they violate
safety rules.

Landmark Papers (Foundations):

• Achiam et al. (2017) - Constrained Policy Optimization (CPO) (ICML) [1].
[The standard for guaranteeing constraint satisfaction during policy updates].

• Ray et al. (2019) - Benchmarking Safe Exploration in Deep Reinforcement Learning
(OpenAI) [30].
[Provides the Safety Gym environment and benchmarks for safe RL].

• Chow et al. (2018) - A Lyapunov-based Approach to Safe Reinforcement Learning (NeurIPS).
[Uses Lyapunov functions to guarantee stability and safety].

• Dulac-Arnold et al. (2019) - Challenges of Real-World Reinforcement Learning (ICML).
[Comprehensive overview of safety and other friction points in applied RL].

State-of-the-Art Papers (2022-2024):

• Liu et al. (2022) - Constrained Variational Policy Optimization for Safe Reinforcement
Learning (ICML) [24].
[Improves upon CPO by using variational inference for better stability].
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