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Abstract

This proposal describes research to compare visual representation learning (us-
ing CNNs on image observations) with graph-based representations (using GNNs
on relational state encodings) for learning generalized policies in classical plan-
ning domains. While recent work has demonstrated that GNN-based approaches
can learn policies that generalize across instance sizes, it remains unclear whether
visual encoders can achieve similar generalization when given appropriate image-
based state representations. This project is about doing a systematic comparison
using, for example, the PDDLGym environments, which provide both symbolic
PDDL states and visual renderings. The study will evaluate various CNN-based
RL algorithms (e.g., DQN, PPO, etc, with visual encoders) against GNN baselines,
analyzing generalization performance, sample efficiency, and the types of structural
invariances captured by each representation. This work aims to provide insights
into the necessity of explicit relational inductive biases for generalized planning.

1 Introduction

Learning generalized policies for classical planning domains has traditionally relied on
symbolic or graph-based representations that explicitly encode the relational structure
of PDDL states [12, 13]. Graph neural networks (GNNs) have shown particular promise
due to their ability to capture permutation invariance and relational reasoning, leading
to policies that generalize across instances with varying object counts and configurations.

Concurrently, deep reinforcement learning with visual observations has achieved re-
markable success in complex domains like Atari games [1], robotics [2], and 3D navigation
[3]. Convolutional neural networks (CNNs) can learn powerful spatial features from raw
pixels, and modern RL algorithms combined with visual encoders have solved tasks pre-
viously thought to require explicit symbolic reasoning.

This raises a natural question: Can visual RL methods, using CNN encoders on
image-based state representations, learn generalized policies that transfer across classi-
cal planning instances as effectively as GNN-based methods? Understanding the answer
has both theoretical implications (what inductive biases are necessary for generalized
planning?) and practical implications (can we leverage the extensive visual RL tooling
and pre-trained models for planning tasks?).
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2 Background and Related Work

GNN-based generalized planning. Recent work has demonstrated that graph neu-
ral networks can learn generalized policies for classical planning [12]. By encoding PDDL
states as graphs (objects as nodes, predicates as edges), GNNs naturally capture permu-
tation invariance and relational structure, enabling policies to generalize across instances
of different sizes. Follow-up work has explored policy gradient methods [13] and goal-
conditioned RL with first-order representations [14].

Visual RL and representation learning. Deep Q-Networks (DQN) [1] pioneered the
use of CNNs for RL with visual observations, learning directly from pixels in Atari games.
Subsequent work has improved sample efficiency through techniques like auxiliary tasks
[5], world models [6], and contrastive learning [7]. Modern visual RL algorithms include
Rainbow DQN, PPO with visual encoders, SAC for continuous control, and model-based
approaches like Dreamer [8].

PDDLGym and planning benchmarks. PDDLGym [4] provides a standardized
interface for classical planning domains with OpenAI Gym compatibility. Importantly,
it offers visual rendering capabilities for many domains, making it possible to train RL
agents on pixel observations. This enables direct comparison between symbolic/graph-
based and visual approaches on the same underlying planning problems.

Visual reasoning and structured representations. Recent work has explored whether
neural networks can learn structured reasoning from visual observations. Some studies
suggest that CNNs can implicitly learn object-centric representations [10], while others
argue that explicit structural inductive biases are necessary for systematic generalization
[11]. This work will contribute to this debate in the context of classical planning.

Bridging visual and symbolic AI. This work bridges visual RL and symbolic plan-
ning by asking whether visual representations can serve as an alternative to explicit
graph structures for learning generalized policies. The comparison provides insights into
what types of inductive biases are truly necessary for generalization in classical planning
domains.

3 Research Questions

1. Can CNN-based visual RL methods learn generalized policies that transfer to larger
unseen instances in classical planning domains?

2. How does the generalization performance of visual RL compare to GNN-based meth-
ods across different planning domains?

3. What types of visual representations (raw pixels, spatial maps, object-centric ren-
derings) work best for generalized planning?

4. Which visual RL algorithms (DQN variants, PPO, SAC, model-based) are most
effective for this task?
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5. Do visual methods capture similar structural invariances (permutation, translation)
as GNN methods?

6. What is the sample efficiency trade-off between visual and graph-based approaches?

7. In which domains does explicit relational structure provide clear advantages, and
where might visual approaches be competitive?

4 Methodology

4.1 Overview

The proposed study consists of the following components:

1. Environment setup. Use PDDLGym [4] to access classical planning domains
with both symbolic PDDL states and visual renderings. Focus on domains with
clear visual structure: Blocksworld, Sokoban, Hanoi, Gripper, and others. Many
domains have existing visual renderings, so start with those.

2. Visual encoders. Design and implement various CNN architectures to encode
visual observations:

• Nature CNN: Standard architecture from DQN paper [1]

• IMPALA CNN: Residual architecture from IMPALA [9]

• Do some literature research to identify other promising CNN architectures for
visual RL.

3. Visual RL baselines. Implement and train multiple visual RL algorithms:

• DQN and variants: Standard DQN, Double DQN, Dueling DQN, Rainbow

• Policy gradient methods: PPO with CNN encoder

• If you find some interesting architecture that you would like to try out.

4. GNN baselines. Use existing GNN-based generalized planning methods [12, 13]
as comparison baselines. I can help you with setting these up.

5. (Additional) Hybrid approaches. Explore combinations:

• CNN+GNN: Extract visual features with CNN, then process with GNN

• Attention mechanisms: Use visual attention to build object representations

• Object-centric visual encoders: Explicitly segment objects in images

4.2 Training Paradigm

• Training set: Small to medium-sized instances (e.g., 4-8 objects for Blocksworld,
5×5 to 7×7 for Sokoban)

• Test set: Larger instances (12-20 objects, 10×10 grids) to evaluate generalization

• Reward structure: Sparse rewards (goal achievement) with optional step penal-
ties
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4.3 Evaluation Dimensions

• Coverage: Number of test instances solved

• Trajectory lengths: Average length of solution trajectories

• Sample efficiency: Number of environment interactions to reach top performance

• Generalization gap: Performance drop from training to test instance sizes

5 Datasets and Benchmarks

The PDDLGym environment will be used initially due to its dual symbolic and visual
interface. But some research could be done into other environments if time permits.

6 Baselines

• GNN-based methods: Policies from [12, 13]

• Symbolic planners: Fast Downward, LAMA for reference solution quality

• Other ideas?

7 Expected Contributions

• Systematic comparison: First comprehensive study comparing visual and graph-
based RL for generalized planning

• Empirical insights: Evidence on whether explicit relational inductive biases are
necessary for generalization in classical planning

• Best practices: Guidelines for visual representation design in planning domains

• Algorithm recommendations: Identification of visual RL algorithms best suited
for generalized planning

8 Recommended Reading

• [1] for understanding DQN and visual RL fundamentals.

• [4] for understanding the PDDLGym environment.

• [12] for understanding Relational-GNNs and general policies in classical planning.
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9 Library Suggestions

• PDDLGym (https://github.com/tomsilver/pddlgym) for accessing classical plan-
ning domains with visual renderings.

• For encoding PDDL states as GNNsmimir-rgnn (https://github.com/simon-stahlberg/
mimir-rgnn) can be used, which is based on the architectures in [12].

• 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

• 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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