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ABSTRACT

Reinforcement Learning (RL) remains brittle in complex environments char-
acterized by sparse rewards, partial observability, and subtask dependencies.
Predictive state abstractions capture the environment’s underlying tem-
poral structure and are crucial to overcoming these challenges. Yet, such
methods often only focus on global one-step transitions and overlook local
relationships between trajectories. This paper explores how capturing such
relationships can enhance representation learning methods in RL. Our pri-
mary contribution is to show that incorporating a Graph-Neural Network
(GNN) into the observation-predictive learning process improves sample
efficiency and robustness to changes in size and distractors. Through experi-
ments on the MiniGrid suite, we demonstrate that our GNN-based approach
outperforms typical models that use Multi-layer Perceptrons (MLPs) in
sparse reward and partially-observable environments where task decomposi-
tions are critical. These results highlight the value of structural inductive
biases for generalization and adaptability, revealing how such mechanisms
can bolster performance in RL.

1 INTRODUCTION

Environments with partial observability, sparse rewards, and dynamic changes frequently
challenge Deep Reinforcement Learning (RL) algorithms, often rendering them brittle and
sample-inefficient (Wang et al., 2019; Meng & Khushi, 2019; Lu et al., 2020; Tomar et al.,
2023; Benjamins et al., 2023). Traditional RL methods struggle particularly in such complex
environments due to the challenges of capturing long-term dependencies and relational
structures between states. Learning representations of the state relevant to control offers a
promising avenue to scale RL to complex scenarios. State abstractions in Markov Decision
Processes (MDPs) (Dayan, 1993; Dean & Givan, 1997; Li et al., 2006) and history abstractions
in Partially Observable MDPs (POMDPs) (Littman et al., 2001; Castro et al., 2009) improve
data efficiency and generalization (Killian et al., 2017; Zhang et al., 2021). Consequently,
numerous RL representation learning techniques have emerged in the last years (Castro
et al., 2021; Schwarzer et al., 2021; Hansen-Estruch et al., 2022; Lan & Agarwal, 2023; Guo
et al., 2020; Grill et al., 2020) making it an active area of research in RL.

Self-prediction has positioned itself as a prominent technique for learning state abstractions.
It is a self-supervised mechanism that uses a latent model to predict the next latent state
using the current latent state and action as inputs (Guo et al., 2019; 2020; Grill et al., 2020;
Schwarzer et al., 2021; Lee et al., 2021). In doing so, it approximates the one-step transition
structure in the latent space (Tang et al., 2023; Voelcker et al., 2024; Khetarpal et al.,
2024). This objective is also connected to the objective to predict subsequent observations
in POMDPs (Ni et al., 2024), allowing the agent to approximate the actual transition
dynamics in the belief space (Schrittwieser et al., 2020; Subramanian et al., 2022). Real-
world environments, however, often come with rich local structure as well (Mohan et al.,
2024), which is usually overlooked by these methods.

This paper investigates how leveraging Graph Neural Networks (GNNs) (Battaglia et al.,
2018) within a self-predictive framework can enhance representation learning in RL in
sparse reward and partially observable settings. Specifically, we propose a method that
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captures relationships between a batch of latent states generated by a history encoder.
This approach enables the model to encode temporal and relational dependencies in the
observation-prediction mechanism, improving the sample’s learning efficiency and robustness
to environmental changes. In contrast to commonly used Multi-Layer Perceptron (MLP)-
based methods, which often struggle with long-term dependencies and partial observability,
GNNs excel at capturing relational structure between the latent states produced over time
(see Figure 1.
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Figure 1: Latent Space Representation. A goal-reaching trajectory in
MiniGrid-UnlockPickup-v0 mapped to a 3D PCA representation of the latent states
generated by various belief encoders. States belonging to the first section are indicated in
blue, while those in the second one are shown in red, with the goal state highlighted in green.
Structured Observation Prediction captures the closeness of high-reward states (red) near
the goal. In contrast, normal Observation Prediction reveals a less organized representation,
indicating potential inefficiencies in recognizing rewarding states in this environment. This
emphasizes the advantage of graph-based approaches for improved decision-making and
performance in reinforcement learning tasks.

This paper’s main contribution is the introduction of a GNN-based observation-predictive
model designed to operate on latent states generated by a history encoder. Unlike prior
work that primarily focuses on spatial relationships (e.g., object-centric representations), our
method targets temporal and relational dependencies in POMDPs. By relationally reasoning
over trajectories, our method generalizes across variations in tasks. We validate our approach
through experiments on a subset of navigation tasks in MiniGrid (Chevalier-Boisvert et al.,
2023) that are particularly challenging for end-to-end observation prediction. Additionally,
we demonstrate the robustness of our relational model in continually changing settings,
showcasing its adaptability to distractors and environment size. Our results indicate that the
GNN-based latent model outperforms MLP-based baselines, achieving superior performance
in sparse-reward tasks and demonstrating better generalization to environmental variations.

2 BACKGROUND

In this section, we provide the necessary background to understand our approach. We
briefly recap the fundamentals of RL, MDPs, and POMDPs, then delve deeper into state
abstractions. Subsequently, we formally introduce self-predictive and Observation-Predictive
(OP) abstractions, which we use to build our method.

2.1 MDPs, POMDPs AND REINFORCEMENT LEARNING

A discounted MDP (Puterman, 2014) is represented by a tuple M = (S;A;P;R; ; ). At
each time step t, an agent observes the state St S of the environment and chooses an
action ar A using a policy (@t j St) to transition into a new state St+1. The dynamics
govern the transitions function P : S A S ¥ [0;1], and for each transition, the agent
receives a reward according to the reward function R: S A ¥ R. The agent’s objective is
to maximize the expected cumulative discounted reward over an infinite horizon:
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where 2 [0; 1] is the discount factor, and the starting state Sg is sampled from the initial
state distribution distribution Sg (So)-

Value-based methods learn an optimal state-action value function Q (s;a), the expected
return after starting in state s and taking action a, by repeatedly performlng two steps till
convergence: (i) Policy Evaluation: computing a value functlgg Q (s; a) quantifying the
expected return after taking action a in state s: Q (s;a) =E i—t It jst=s;ar =
a ; and (ii) Policy Improvement: learning a new value function from which actions can
be greedily selected to maximize Q (s;a): *(St) 2 argmax,, 54 Q (St; at)

In many real-world scenarios, the agent cannot fully observe the environment. Such problems
are modeled by POMDPs, defined as a tuple Mg = (S;O0; A;P;R; ; ), where the agent
has access to observations 0 2 O based on the state s 2 S. It can utilize a history hy :=
fo1;a1;02;az;:::0¢g 2 H, by concatenating observations and actions, where H represents
the set of all possible histories.

Since the agent lacks full observability, maintaining a belief state — a probability distribution
over possible states given the history — is essential for optimal decision-making (Kaelbling
et al., 1998). However, computing and updating such beliefs for high dimensional environ-
ments can quickly become intractable (Subramanian et al., 2022). Therefore, the agent
requires a history encoder that maps the history to a Markovian representation o :H¢ ¥ Z.

2.2 STATE ABSTRACTIONS, SELF-PREDICTION AND OBSERVATION-PREDICTION

A Q-function itself can be decomposed into two parts: (i) An encoder that o-:S ¥ Z,
that maps the states to abstract states z 2 Z, also known as state abstractions (Li et al.,

2006), or latent states (Gelada et al., 2019). (ii) A critic C : Z ¥ Q that predicts the Q

values using the latent state Z. This decomposition requires the latent state-space Z to have
sufficient information to accurately predict Q , i.e. if (Sj) = (Sj), then it must hold that
Q (si) = Q (sj). We can additionally incentivize the latent state to predict the one-step
transition probabilities(Equation (ZP)) and rewards (Equation (RP)), thereby preserving the
environment’s dynamics in the latent space. Equation (ZP) ensures that the latent state is
predictive of the subsequent latent state by mapping the joint latent state-action space to a
distribution over the latent space A(Z). Consequently, such abstractions are self-predictive
abstractions, learned using a latent model trained to predict the next latent state (Grill

t al., 2020; Guo et al., 2020).
9P, :Z A Y A(Z) sit: P(zegw1]jSt;at) =P2(Zew1] L(St);ar) (ZP)
9Pz  Z AT R st E(rt+1j ht;at) = Rz( L(ht;at)) (RP)

For POMDPs, we can extend the state encoder to belief encoder ¢ to produce a history
abstraction Z = o(h) 2 Z. This encoder satisfies as additional recurrent condition to ensure
belief reconstruction:

9.,:Z A O1YZst (ht+1) = z( o(ht);at;0t+1) (Rec)

Furthermore, such abstractions should additionally satisfy a variant of Equation (ZP), called
Observation-prediction, ensuring that the latent state along with the action is sufficient to
predict the distribution over the subsequent observations (Equation (OP)):

9P,:Z A ¥ A(O) sit: P(0ts1j hejar) =Po(0ts1j o(hy);at) (OP)



Under review as a conference paper at ICLR 2025

3 Method

In this section, we motivate and outline our method. We present the general idea of
incorporating additional structure across batches of observations and the inter-trajectory

transfer it enables. We then argue how capturing structure across batches is particularly
bene cial for tasks with subtask decompositions, especially in a Sparse Reward environment.
We then outline our architecture that incentivizes the belief encoder to produce such histories.

3.1 Relational Task Decomposition

Complex RL tasks often involve multiple subtasks. In sparse-reward MDPs, these subtasks
are crucial but unrewarded steps, making learning challenging due to the delayed feedback.
A vital requirement for credit assignment is to model the relationships across these subtasks
to assign credit to the crucial state-action pairs. A state abstraction that preserves the
optimal Q-value must enable the agent to disentangle latent states corresponding to these
crucial ground states.

The intuition behind our approach is that trajectories corresponding to a single subtask
exhibit correlations. In addition to the global one-step transition dynamics captured by self-
and observation-predictive objectives, local structure among subtasks can be leveraged in
the latent space. For example, consider the MDP shown in Section 3.1 where the agent must
follow a goal-directed reward to the goal-stateSs. The reward includes a small cost per step
to the agent and a large reward for reaching the goal. Therefore, the agent must discover
the shortest path to reach the goal.

We highlight two example trajectories ; = fS;;R; S3;U; Ssg (illustrated in purple) and

> = TSR, S4;U; Ssg (shown in red). On reaching the goal Ss, it gets a reward of
1 k n.steps wherek 2 [0;1). It incentivizes the agent to reach the shortest path
to the goal. The two trajectories involve two steps to the goal and accumulate the same
return since they both comprise 2-steps to the goal. Although trained solely on data from
1, a predictive model capable of capturing relational similarities between these trajectories
can generalize to , by capturing local similarities between these trajectories. For instance,
the relationship betweenS;z and S5 in  ; parallels the relationship betweenS, and Ss in 5.

Figure 2: Example MDP.  The agent must
navigate to the goal Ss by maximizing a goal-
conditioned reward and minimizing the cost
per step. At the start of the episode, the
agent can spawn in any of the other states
fS1;S2; S3; S40. From each state, it can either
go right R or up U.

Let us extend this to the POMDP setting, where the agent does not directly observe
the states. Instead, it receives partial observations corresponding to these states. The
trajectories in this POMDP now correspond to histories of observations, actions, and rewards
hy = fog;ag;ry;:::0sg and hy, = fop;ax;r,;:::059. Here, the observationso;;0;::: are
partial representations of the statesS;;S;;:::, and the goal is to navigate towards the nal
observation corresponding toSs. Since the agent only observes part of the state, it must
infer relationships and similarities between di erent observation sequences. As in the MDP
case, the agent bene ts from recognizing relational similarities between these histories to
generalize across subtasks.

Proposition 3.1. Let hy;:::;h, 2 H be histories from similar subtasks in a POMDP, with

corresponding next observations?;:::;00 20. Let :H!Z be a Lipschitz continuous
function with constant L > 0, mapping histories to embeddings; = (h;). Letf :Z" 1O
be a Lipschitz continuous model with constantLs > O, predicting ogred = f(z1;::0;20)

4
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Assume the historiesh; are similar, i.e., dy (hi;h;) for all i;j , where dy measures the
distance between histories.

Then, minimizing the squared error loss

— 0 0,2.
L = kopred ok*;

for any i, ensures that the prediction error is bounded:
L (LL n + \)2;

where ; accounts for model approximation errors or inherent noise.

We sketch this proposition more intuitively by considering the trajectories in Figure 2 as
histories. Since transitions from stateSz; ! Ss and S; ! S5 share a similar relational
structure, the embeddingsz; = fS3;U;Ssg andz, =  fS4;U; Ssg will be close in the
latent space. Training a model to minimize the lossL by reasoning over both these trajectories
ensures that the model generalizes between these subtasks, capturing the similarities between
these histories. We do this using a GNN. Please refer to Appendix A.1 for a more detailed
proof sketch.

3.2 Obsenvation Prediction using a Graph-based Latent Model
Our method comprises three key components, illustrated in Figure 3:

1. Encoder ( ) that maps histories to latent representations z.
2. Model () that captures relationships among history embeddings.

3. RL network ( or q) that uses z for either learning a policy, or a Q- function
depending on the method that we utilize.

Figure 3: Training Setup. The LSTM generates embeddings using observation history,
actions, and rewards, capturing temporal dependencies to create a belief state The policy
network uses this to select the next action. For a value-based agent in a discrete action space,
this would be a critic network that outputs values over discrete actions. Then, the algorithm
greedily selects the action with the highest value. During optimization, the structured model

- A GNN- reasons over a batch of latent states and corresponding actions to predict the
subsequent observations. This is compared against the corresponding next observations to
create the auxiliary prediction loss.

Encoder and Policy Network. The encoder maps the history of observations to a
latent state z = (h). In a POMDP, this is either a recurrent encoder (Subramanian et al.,
2022) or possibly a transformer with a su ciently large context window (Esslinger et al.,
2022). Any RL agent can now use this latent state. In both these cases, the policy(a;jz;)
takes the latent state z; as an input and outputs an action a;. Value-based methods use
a critic network that outputs values for each action for a given z and greedily selects the
action with the maximum value.
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Graph construction. The latent model is a self-predictive model to enhance repre-
sentation learning. To capture relational structure within the latent space, we consider

m = 4 using the Euclidean distance between the node features.

Message Passing. After constructing the graph, the nodes with actions as attributes
are passed through two message-passing layers. During this phase, each node in the graph
updates its state by aggregating information from its neighboring nodes. Firstly, for each
node, the features of its neighboring nodes are aggregated by concatenating the features of
the source nodex; and the target node x;. This concatenated vector is then passed through
an MLP consisting of two fully connected layers with a ReLU activation function in between,
transforming the combined features to capture more complex interactions. The result of this
MLP is then used to update the target node's features.

Observation-Prediction and training. After the message-passing steps, the updated
node features are decoded to produce the nal node representations. The output of the
network has the same dimensionality as the attened observation dimensions, and therefore,

training to create an auxiliary loss. This loss is jointly optimized along with the RL loss
from the policy or critic network. As a result, we can train the encoder ( ), the model ( ),
and the policy ( ) together during the optimization procedure.

forming the representation learning auxiliary loss:

X 2
Lop = KOv1 O K
t=1

In principle, this objective is agnostic to the RL objective and, therefore, can be combined
with any RL algorithm. We demonstrate an example of using our model with a policy-gradient
algorithm in Algorithm 1.

Reward Module. For environments with multiple subtasks and sparse rewards, OP
alone is insu cient (Ni et al., 2024). Instead, it must be combined with an explicit reward
prediction using the latent state and action. For these environments, we utilize a two-layer
MLP for such a module in addition to the latent model and train it using a phased training
procedure, where the reward module is optimized separately from the end-to-end optimization
of the bellman and representation learning loss. Instead, we interleave the optimization of
the reward prediction from the representation learning modules by optimizing them one after
the other.

4 Experiments

In this section, we empirically investigate the e ectiveness of our structured latent model.
We employ the Minigrid suite (Chevalier-Boisvert et al., 2023), which consists of a series of
mini-levels designed to test various aspects of learning and adaptation. The RL agent in
our experiments is the R2D2 agent (Kapturowski et al., 2019), including a recurrent replay
bu er with uniform sampling. A.2. In the following
paragraphs, we divide our analysis based on speci ¢ research questions. Our presented results
have been performed across 5 seeds with the aggregated IQMs (Agarwal et al., 2021).
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Algorithm 1 Training Procedure with a value-based agent

Require: Initialized encoder , policy network , auxiliary graph model
1: while not convergeddo

Collect Trajectories  using policy (a ] z):
Collect experiences = f(0;;a;rt;0t+1)0
Compute z; = (0r), Zt+1 =  (St+1)
Collect experiences = f(0;;a;rt;0t+1)0
Compute zt = (0t), Zt+1 = (O+1)

Compute RL Loss
Compute target values: Viarget = e+ V (Zt+1)
Estimate 9-va|ues: Q(zi;a) Q(z; &)

10: Lee = & (Qz;a)  Viarger )’

11: Compute Observation-Prediction Loss

N

12: Construct graphs G; from z

13: Predictlgml = (Gy &)

14: Lop = (KO+1 Oz k?

15:  Update Parameters

16: L=Lgr.+ Lop

17: Minimize L w.rt. ,

18: end while

Performance on static environments. We rst evaluate our model (Graph.OB on

selected environments in Minigrid. Our baselines are the observation predictive algorithm
(min-OP and the observation and reward prediction algorithm (min-AlS) (Ni et al., 2024).
min-OP follows the same pipeline but uses an MLP for the observation prediction task. The
MLP predicts the subsequent observation for each latent state in a batch and does not use
relational reasoning for the whole batch. min-AlS, on the other hand, extendsmin-OP by
predicting the subsequent reward in addition to the observation, improving performance in
environments where observation prediction alone is insu cient for e ective representation
learning. The critical distinction between our method and these baselines is how they
process the latent observations and associated actions. In the MLP-based baselines, each
combination of latent observation and action is processed independently to predict the
subsequent observation. By contrast, our GNN-based approach rst constructs a graph
over all the latent observation-action pairs in the batch, applies message passing across the
graph to model relational dependencies, and then predicts the subsequent observations for
each element. Therefore, the performance di erence between the baselines and our method
primarily comes from this privileged reasoning. We consider environments with subtasks from
the Minigrid suite challenging without representation learning and particularly challenging
for observation prediction. Please note that R2D2, without representation learning, fails to
accumulate notable returns in these environments, as indicated by the curves in Ni et al.
(2024). Moreover, we run each environment until the baselines demonstrate convergent
behavior. Based on the learning curves provided by Ni et al. (2024), we narrow down the
environments to the following four static ones:

1. MiniGrid-DoorKey-8x8-v0: The agent must pick up a key to unlock a door and
reach the green goal in a 8 8 grid.

2. MiniGrid-ObstructedMaze-1DI-vO: A blue ball is hidden in a maze with two
rooms. A locked door separates the two rooms, and a ball obstructs the doors. The
keys are hidden in boxes.

3. MiniGrid-KeyCorridorS3R2-vO0: The agent has to pick up an object behind a
locked door. The key is hidden in another room, and the agent has to explore the
environment to nd it.

4. MiniGrid-UnlockPickup-v0:  The agent must pick up a box behind a locked door
in another room.

These environments share the commonality of subtasks the agent needs to solve before
reaching the goal. Apart from the DoorKey environment, all others require additional reward
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