Master’s Thesis Proposal:
Applying Contrastive Reinforcement Learning to
Learn General Policies for Classical Planning Domains

November 23, 2025

Abstract

This proposal describes research to combine contrastive representation learn-
ing with reinforcement learning methods to learn generalized policies for classical
planning domains. The aim is to learn policies that generalize across instance sizes
and object counts by training on small to medium instances and testing on larger,
unseen instances. The approach leverages contrastive objectives to produce RGNN-
based state embeddings to learn the Q-function. Evaluation will be on planning
benchmarks such as Blocksworld, Logistics, Gripper, Sokoban, etc. and compared
to existing generalized planning baselines.

1 Introduction

Generalized planning asks for policies that solve multiple problem instances of the same
domain rather than a single instance. Traditional symbolic approaches construct com-
pact general plans or policies using domain knowledge and combinatorial search; more
recently, learning-based approaches have attempted to learn policies that generalize across
instances using supervised [6] and reinforcement learning [5].

Concurrently, contrastive representation learning [2] has proven effective at learning
robust, sample-efficient representations in RL for robotics domains [3]. This proposal ex-
plores whether contrastive RL objectives can facilitate learning of domain-general policies
for classical planning tasks.

2 Background and Related Work

Classical planning and generalized policies. Classical planning domains, mod-
elled in PDDL and STRIPS, provide a structured, relational representation: objects,
predicates, actions with preconditions and effects. Research on generalized policies seeks
compact policies that work across instances. Representative work includes symbolic and
combinatorial methods as well as learning-based policy methods [4, [6], (5] [7].

Contrastive representation learning and RL. Contrastive methods (e.g., Con-
trastive Predictive Coding) learn embeddings by pulling together positive pairs and push-
ing apart negatives; these have been widely adopted across modalities. In RL specifically,



CURL showed that contrastive objectives on image observations greatly improve sample-
efficiency when combined with off-policy RL. Other works interpret contrastive losses as
goal-conditioned value or forward-predictive objectives [2, [I, B]. One of the key benefits
of Contrastive RL is that exploration is emergent in the task formulation (see [§]).

Bridging the two areas. This work will try to bridge these two areas, looking at the
benefits of using Contrastive RL combined with relational encoders to learn policies that
can generalize across instances in classical planning domains.
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Research Questions

. Can contrastive RL objectives help learning of generalized policies that transfer to

larger unseen instances?

. How do relational inductive biases (GNNs / relational encoders) interact with con-

trastive objectives for improved generalization?

. How does contrastive-RL-based generalized policy learning compare to previous RL

approaches (especially [7]) on classical planning benchmarks?

. One key point will be to understand in which domains Contrastive RL works well

and where is struggles.

Methodology

The initial pipeline will have the following components:

1. Graph Neural Network (GNN) state encoder. Represent PDDL states as

graphs (objects as nodes, predicates/relations as typed edges or node features). Use
a R-GNN, following the architectures in [6].

. Contrastive representation learning objective. During training, generate pos-

itive and negative pairs to train the encoder with a contrastive loss, by sampling
future states from trajectories, in a similar manner to what is done in [3].

Datasets and Benchmarks

(Classical planning domains: Blocksworld, Logistics, Gripper, Ferry, Sokoban, and
others from IPC / established bench collections. Training on small/medium sized
instances (e.g., low object counts) and testing on larger instances to measure gen-
eralization.

e Baselines: models from prior work [, [7] and LAMA traces.



6 Expected Contributions

e Empirical evidence on whether contrastive RL yields transferable embeddings that
facilitate generalized policies in classical planning, or if Contrastive RL struggles in
this setting (if so, why?)

e Comparison of other strategies for long-horizon RL such as Hindsight Experience
Replay (HER) [7] in the setting of generalized planning.

7 Recommended Reading

e [3] for an introduction to Contrastive RL as Goal-Conditioned RL and [§] for addi-
tional experiments with Contrastive RL.

e [6] for understanding Relational-GNNs and general policies in classical planning.

e [5] for an introdution to learning general policies with RL and [7] to understand the
baseline approach.

8 Library Suggestions

e For encoding PDDL states as GNNs mimir-rgnn (https://github.com/simon-stahlberg/
mimir-rgnn) can be used, which is based on the architectures in [6].

e For running baseline RL algorithms and to use as base for the new implementation,
mimir-rl (https://github.com/simon-stahlberg/mimir-rl) can be used

o mimir (https://github.com/simon-stahlberg/mimir) is a library for general-
ized planning that includes PDDL parsing, state space expansion and is a good
library for functionalities around classical planning.
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