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Summary
World models that reliably predict state transitions can facilitate the integration of planning

with reinforcement learning to solve sparse-reward, long-horizon sequential decision-making
problems. However, enabling such learned world models to generalize to noise for which the
underlying Markov decision process is invariant (e.g., lighting variations, blurring, or rota-
tions) requires training the world model on a dataset with such noise. Unfortunately, this does
not explicitly capture these invariances and requires that the world model, and any functions
trained with data generated from it, be re-trained if it fails to generalize to new kinds of noise.
To solve this problem, we introduce Stable Planning through Aligned Representations (SPAR),
an algorithm that explicitly captures invariances by training an alignment network to map noisy
states to the latent representation of clean states while keeping the learned world model fixed.
SPAR first trains a world model with a discrete latent space on clean states. SPAR then trains
an alignment network to map noisy states to the same latent representation as the clean states,
exploiting the discrete latent structure by rounding the output of the alignment network after
training so that it exactly matches the clean latent representation. As a result, SPAR preserves
the ability to use a discrete world model across thousands of timesteps without accumulating
any error by rounding the predicted discrete latent states. Our experiments show that SPAR can
be used to successfully solve over 89% and 96% of problem instances from the Rubik’s Cube
and Sokoban domains across 16 and 18 different visual transformations respectively. Further-
more, SPAR can be used to solve the Rubik’s Cube based on real-world pictures taken by a
phone, without ever having seen real-world Rubik’s Cubes during training. Our experiments
show that continuous representations lead to model degradation, indicating that the discrete
latent component is crucial to SPAR’s success.

Contribution(s)
1. We introduce Stable Planning through Aligned Representations (SPAR), an algorithm to

adapt noisy observations to a discrete world model trained on clean observations. The
discrete world model remains fixed and does not need to be re-trained.
Context: While discrete world models have been shown to accurately predict transitions
over long horizons, as we will show, they are not able to adapt to noise. This hinders their
application to real-world scenarios.

2. We show that SPAR can be generalized to real-world observations of the Rubik’s Cube,
despite not being trained on such data. In particular, we show that, in many cases, it can
accurately solve the Rubik’s Cube based on pictures from a phone.
Context: These results show that SPAR can be used for applications beyond simulation.
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Abstract
World models that reliably predict state transitions can facilitate the integration of
planning with reinforcement learning to solve sparse-reward, long-horizon sequential
decision-making problems. However, enabling such learned world models to general-
ize to noise for which the underlying Markov decision process is invariant (e.g., light-
ing variations, blurring, or rotations) requires training the world model on a dataset
with such noise. Unfortunately, this does not explicitly capture these invariances and
requires that the world model, and any functions trained with data generated from it,
be re-trained if it fails to generalize to new kinds of noise. To solve this problem, we
introduce Stable Planning through Aligned Representations (SPAR), an algorithm that
explicitly captures invariances by training an alignment network to map noisy states to
the latent representation of clean states while keeping the learned world model fixed.
SPAR first trains a world model with a discrete latent space on clean states. SPAR then
trains an alignment network to map noisy states to the same latent representation as
the clean states, exploiting the discrete latent structure by rounding the output of the
alignment network after training so that it exactly matches the clean latent represen-
tation. As a result, SPAR preserves the ability to use a discrete world model across
thousands of timesteps without accumulating any error by rounding the predicted dis-
crete latent states. Our experiments show that SPAR can be used to successfully solve
over 89% and 96% of problem instances from the Rubik’s Cube and Sokoban domains
across 16 and 18 different visual transformations respectively. Furthermore, SPAR can
be used to solve the Rubik’s Cube based on real-world pictures taken by a phone, with-
out ever having seen real-world Rubik’s Cubes during training. Our experiments show
that continuous representations lead to model degradation, indicating that the discrete
latent component is crucial to SPAR’s success. An implementation of SPAR is publicly
available at https://github.com/misaghsoltani/SPAR .

1 Introduction

Many real-world problems require long-horizon planning to find solutions. Planning requires a state
transition function (also known as the “world model”), which maps states and actions to next states.
It has been shown that world models can be learned, in both simulation and the real world, from data
obtained by interacting with the environment (Racanière et al., 2017; Hafner et al., 2019; Bagatella
et al., 2021; Tian et al., 2021; Agostinelli & Soltani, 2024). The world model can then be used
to generate data to train a function (i.e., a policy, value, or heuristic function) with reinforcement
learning that can be used to guide a planner. However, these approaches are not robust to noise.
For example, if irrelevant distractors that were not seen during training are part of a state at test
time, the learned world model’s prediction may no longer be useful for planning. As a result, these
approaches will most likely fail to generalize beyond very carefully controlled settings. Furthermore,
when specifying goals with goal images, noise present in the environment can make goal state

https://github.com/misaghsoltani/SPAR
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Figure 1: Overview of SPAR. First, a discrete world model is trained to encode clean states to a
discrete latent state and map discrete latent states and actions to next discrete latent states (left).
Then, an alignment model is trained to map noisy states to the same latent representation as the
clean states (right).

identification difficult. For example, if a goal image is specified in a bright room and the room is
currently dark, unless the action space includes controlling the lights, there is no sequence of actions
that can reach the goal image.

One approach to solving this problem of noise would be to train the world model on noisy states.
However, this suffers from the following drawbacks: 1) the world model is forced to capture noisy
transitions, which may require more parameters, hinder performance, and does not capture the un-
derlying invariances; 2) the world model and any functions trained from data generated by it must be
re-trained if it fails to generalize to new noise; 3) goal state identification still depends on the noise
present in the state, which means different goal images must be given based on the noise present
in the start state. To address these issues, we introduce Stable Planning through Aligned Represen-
tations (SPAR). SPAR trains a discrete world model that encodes states in a clean environment to
a discrete latent state and predicts next discrete latent states given current latent states and actions.
SPAR then adds noise to the clean states used to train the world model and trains an alignment model
that maps the noisy states to the same latent representation as the clean states. Since the latent rep-
resentation is discrete, after training, the output of the alignment model is rounded with the aim of
exactly matching the true discrete latent state. Given that discrete world models have been shown to
accurately predict next states across thousands of timesteps without model degradation (Agostinelli
& Soltani, 2024), this also enables planning over long horizons without model degradation in the
presence of noise. Our approach is summarized in Figure 1.

2 Related Work

Model-based reinforcement learning (RL) and planning. Model-based reinforcement learning
(MBRL) improves sample efficiency by learning a dynamics model and exploiting that model for
policy improvement or planning (Sutton, 1990). The Dyna architecture interleaves real experience
with model-generated rollouts to update value functions and policies (Sutton, 1990). More recent
methods couple learned neural models with powerful search procedures. AlphaZero learns value
and policy networks and performs Monte Carlo Tree Search (MCTS) in known perfect-information
games (Silver et al., 2018), while MuZero achieves superhuman performance without access to the
true simulator by learning a latent dynamics model for planning with MCTS (Schrittwieser et al.,
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2020). Deep Planning Network (PlaNet), Dreamer, and DreamerV2 learn latent world models and
optimize policies via latent imagination, but they do not perform explicit test-time search to arbitrary
goal states (Hafner et al., 2019; 2020; 2021).

Learning state representations for search. A body of work learns symbolic or latent state spaces
that enable classical search from pixels. LatPlan learns a discrete binary latent representation with
an autoencoder and induces a classical planning model solvable by off-the-shelf planners (Asai
& Fukunaga, 2018; Asai et al., 2022). PPGS (Bagatella et al., 2021) learns a continuous latent
space with forward and inverse models, constructs a latent-state graph using threshold-based state
re-identi�cation, and then uses breadth-�rst search to solve combinatorial puzzles. However, contin-
uous latent rollouts can accumulate error and force frequent re-planning, while breadth-�rst search
scales poorly to large state spaces. A complementary line learns heuristics to guide search directly
from experience. DeepCubeA trains a deep neural network to approximate the cost-to-go via deep
approximate value iteration and uses the learned heuristic with A* search to solve the Rubik's Cube
and other puzzles, training against a single �xed goal (the canonical solved state) (Agostinelli et al.,
2019). DeepCubeAI (Agostinelli & Soltani, 2024) instead learns a discrete world model and a goal-
conditioned heuristic de�ned over binary latent states. Provided errors remain below 0.5, rounding
each bit eliminates compounding errors in long rollouts and enables state re-identi�cation, support-
ing ef�cient search in latent space (Agostinelli et al., 2024b). Our work builds on this discrete-latent
planning foundation by learning a lightweight alignment network to handle noisy observations, leav-
ing the world model and heuristic unchanged.

Handling noisy observations. Domain shift in observations (e.g., lighting, background, camera
pose) challenges visual planning systems. Domain randomization broadens the training distribution
in simulation so real observations appear as another randomized variant (Tobin et al., 2017; Sadeghi
& Levine, 2017). In robotics, sim-to-real pipelines augment randomization with image-to-image
translation. For example, Randomized-to-Canonical Adaptation Networks (RCAN) maps random-
ized renders to a canonical domain to improve transfer (James et al., 2019). In RL speci�cally,
data augmentation improves policy robustness (Laskin et al., 2020; Yarats et al., 2021). DisentAn-
gled Representation Learning Agent (DARLA) learns disentangled representations with a modi�ca-
tion of the variational autoencoder (�-VAE) (Higgins et al., 2017a) pretraining to achieve zero-shot
transfer across visual changes before learning to act (Higgins et al., 2017b). Beyond training-time
robustness, test-time adaptation methods update perception or policies during deployment without
labels or rewards. For example, Policy Adaptation during Deployment (PAD) for self-supervised
policy adaptation (Hansen et al., 2021) and invariance through latent alignment (ILA), which aligns
target-domain features to the source distribution without paired data (Yoneda et al., 2022). These ap-
proaches, however, generally target policy performance and short-horizon control rather than long-
horizon heuristic search that requires exact state re-identi�cation. Denoising autoencoders (Vincent
et al., 2008) are also related, as they map corrupted observations to clean ones. However, they oper-
ate in pixel space and do not guarantee that the denoised output encodes to exactly the same discrete
latent code as the clean state, which is the property required for exact state re-identi�cation and goal
testing during search. SPAR builds on this work by mapping noisy observations to clean obser-
vations, but does so in a discrete latent space that has already been learned on clean observations.
This preserves the long-horizon stability and exact state re-identi�cation of discrete-latent plan-
ning (Agostinelli & Soltani, 2024) while avoiding retraining the world model and heuristic function
for each new visual change.

3 Preliminaries

3.1 Path�nding

The particular kind of planning problems SPAR addresses are path�nding problems. A path�nding
problem is de�ned as a weighted directed graph (Pohl, 1970), where nodes represent states, edges
represent actions that transition between states, weights on the edges represent transition costs, a
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given state represents the start state, and a given set of states represents the goal. The transition
function, T , de�nes how actions transform states, where st+1 = T(s t ; at ) for action at , if and only
if there exists an edge connecting state st to st+1 . The transition-cost function, c(st ; at ), is the cost
of taking action at in state st . While we will use the aforementioned notation throughout the rest of
the paper, from a reinforcement learning perspective, a path�nding problem can also be de�ned as a
deterministic undiscounted Markov decision process (MDP) (Puterman, 2014). Given a path�nding
problem, the objective is to �nd a sequence of actions that transforms the start state into a goal state
with a preference for paths with the lowest cost, where the cost of a path is the sum of transition
costs. The cost-to-go is the cost of a lowest cost path, also known as a shortest path.

3.2 DeepCubeAI

Training. DeepCubeAI (Agostinelli & Soltani, 2024) learns a discrete world model represented
as a deep neural network (DNN) (Schmidhuber, 2015) that maps states to binary latent states from
an of�ine dataset of state, action, and next state tuples. The world model is learned using an encoder
to map states to discrete latent states, a decoder that maps discrete latent states to states, and a world
model that maps discrete latent states and actions to next discrete latent states. The encoder and
decoder are trained to minimize the reconstruction error between the input to the encoder and the
output of the decoder. The world model is trained simultaneously with the encoder and decoder to
accurately predict the next latent state.

After learning, the outputs of the discrete world model are rounded when predicting next discrete la-
tent states, which prevents model degradation when errors are less than 0.5. Using the learned world
model, DeepCubeAI then learns a heuristic function represented as a deep Q-network (DQN) (Mnih
et al., 2015), using Q-learning (Watkins & Dayan, 1992) to estimate the cost-to-go to a given goal
when starting from a given state and taking a given action. Training data is obtained by using the
world model to generate new experiences from the of�ine dataset. As a result, the heuristic function
takes discrete latent states as input.

Solving Path�nding Problems. After training, a particular path�nding problem is given to Deep-
CubeAI in the form of an image representing the start state and an image representing the goal state.
DeepCubeAI then encodes the start state and goal state into the discrete latent space and uses the
learned world model to perform heuristic search in the latent space, guided by the learned heuristic
function, to �nd a path from the latent start state to the latent goal state. The heuristic search algo-
rithm checks whether a latent state encountered during search is a goal state by checking if all bits
match the latent goal state. Since the world model is represented as a DNN, using it for heuristic
search can be computationally expensive. Therefore, Q* search (Agostinelli et al., 2024b), a variant
of A* search (Hart et al., 1968), is used to �nd paths. Q* search uses a DQN as the heuristic function
to ensure the number of applications of the transition function (in this case, the world model) and
number of applications of the heuristic function remain constant with respect to the size of the action
space for each iteration of search as opposed to growing linearly, as is the case for A* search.

4 Methods

SPAR assumes the existence of a trained encoder that maps states to discrete latent states and a
trained world model that maps discrete latent states and actions to next discrete latent states. Given
a trained world model, our goal is to train an alignment model that maps noisy states to their cor-
responding discrete latent states obtained from the clean state. We obtain a dataset of noisy states
paired with the discrete latent representations of their corresponding clean states by adding noise to
the clean states used to train the world model and encoding those clean states with the trained en-
coder. As a result, SPAR does not require that any additional real-world training data be collected.
We train the alignment model by minimizing the mean squared error (MSE) between the predicted
latent states and the target latent states.
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4.1 Discrete World Model

The discrete world model maps pixel observations into a discrete latent space and learns to predict
latent state transitions. Let E be the encoder, D the decoder, and T the transition model. The
encoder maps a state, s, to a discrete latent state ~s = E(s). To ensure the output is discrete, the
output of the encoder is passed through a logistic activation function and rounded to {0,1}. During
training, a straight-through estimator (Bengio et al., 2013) is used to enable gradient-based training.
The decoder maps the discrete latent state back to the original state space ŝ = D(~s). Given an
action, a, the transition model maps latent states at timestep, t, to latent states at timestep t + 1,
~̂st+1 = T(~s t ; a).

Given an of�ine dataset of transitions f(s(i)t ; a(i)
t ; s(i)

t+1 )g
N

i=1 , we optimize two losses. First, a recon-
struction loss Lrec that encourages meaningful encodings and decodings, as given in Equation 1.
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Second, we de�ne a transition loss Lm that couples the encoder and transition model. Let ~s(i)
t =

E(s (i)
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a symmetric loss with a stop-gradient operator sg(�) applied to one side of each term to stabilize
encoder-transition training, as given in Equation 2.
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The two losses are combined using a weighted sum, as shown in Equation 3. The parameter, !, is
initially set to a small value to weight the reconstruction loss higher and is gradually increased until
both are weighted equally.

L(�) = (1 � !)L rec (�) + !L m (�): (3)

4.2 Alignment Model

Given trained components of the discrete world model, (E; T; D), learned on clean states, we train
an alignment network A that maps a visually transformed observation �s to the discrete latent state
of the corresponding clean observation s. Training data is obtained by adding noise to the data that
was used to train the world model. Supervised learning is used to train A by minimizing the MSE
between its real-valued outputs and the discrete latent targets produced by the encoder. The cost-to-
go of a state to any possible goal should be invariant to the noise added to that state. For example,
for the Rubik's Cube, the cost-to-go is invariant to changes in background color, but not to drastic
changes in color of the stickers on the Rubik's Cube.

Symbolically, given a clean state, st , noise is added from some stochastic function, N , to obtain
�s t = N (s t ), and the discrete latent encoding of s is obtained using the encoder, ~st = E(s t ). Next,
the alignment model, A, attempts to predict ~st from �s t , ~̂st = A(�s t ). A is trained with gradient
descent to minimize the loss in Equation 4, where � denotes the parameters of A. At inference time,
we obtain discrete alignment codes by rounding the outputs A(�st ) element-wise to f0; 1g.

L align (�) =
1
N
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Figure 2: Visualization of sample data from the datasets used for training the alignment model for
the Rubik's Cube (left) and Sokoban (right).

Figure 3: Overview of the planning procedure at inference time starting from a noisy state.

Visual variations. The stochastic noise function, N , is comprised of several visual variations to
which the cost-to-go is invariant. These include pre-render (background), object-render (lighting,
color, geometry), and post-render stages. Additionally, we apply object-level and background trans-
formations to the Rubik's Cube, such as color shifts and calibrations, sticker wear, material �nish,
camera viewpoint changes and zoom, and a physically motivated directional lighting model (Tobin
et al., 2017; Zhong et al., 2020; Shorten & Khoshgoftaar, 2019; Hendrycks & Dietterich, 2019; Da
et al., 2025). Backgrounds used for Rubik's Cube include randomly selected images from the CIFAR
dataset (Krizhevsky et al., 2009). These transformations were applied with parameters sampled per-
frame to cover a wide range of observation changes. The stochastic noise function combines several
of these individual transformations to create new visual transformations. Examples of the images
produced by our noise function are shown in Figure 2 and visualizations and detailed explanations
of all transformations and their combinations are given in Supplementary Materials 11.

4.3 Finding Paths Given Noisy States

Given a noisy start state, �s0 and a noisy goal state �sg, the alignment model is used to map them
to the latent encodings for their corresponding clean states,~̂s0 and~̂sg, respectively. The output of
the alignment model is then rounded so that, if the approximation error for all bits is below 0.5, the
approximated clean latent state will exactly match the true latent state. This rounded output is then
given to the latent planner. The latent planner performs Q* search in latent space with the learned
world model as the transition model and the learned DQN as the heuristic function. An overview of
this process is shown in Figure 3.
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5 Experiments

We evaluate SPAR by isolating the role of discrete latent representations and the alignment network
in long-horizon planning. Below we detail the experimental setup, models, training procedures, and
evaluation framework. For world model training and heuristic learning, we use a setup similar to
DeepCubeAI, with the same underlying logic and implementation as its publicly available code-
base (Soltani, 2025). We compare to a model with a continuous latent space as well as a continuous
model with no latent space that directly predicts the next state.

5.1 Of�ine Datasets

We evaluate our approach on the 3 � 3 � 3 Rubik's Cube and Sokoban. A Rubik's Cube state is
represented as two 32 � 32 RGB images, each showing three faces of the cube, and a Sokoban state
is represented as a single 40 � 40 RGB image. For training the world model and heuristic function,
we generate an of�ine dataset of 10,000 episodes using action sequences of 30 steps with a random
uniform policy. Then we use 90% of the dataset for training and 10% for validation. Start states
are sampled by applying 100–200 inverse moves from the canonical solved con�guration, ensuring
diverse but reachable states. Moreover, we generate a dataset of 100 episodes of 10,000 steps each
for comparing rollout stability between discrete and continuous models. For training the alignment
model, we generate a dataset of 10,000 episodes of 30 steps each for every visual variant of the
environment by applying random transformations to states in the original dataset, and we pair each
transformed state with its corresponding clean state.

5.2 Model Architectures

Encoder, decoder, transition model, and DQN heuristic function follow DeepCubeAI's architecture.
Details of these models are given in Supplementary Materials 8. For the alignment model, we use a
convolutional residual architecture for both the Rubik's Cube and Sokoban. For the Rubik's Cube,
the two views are concatenated along the channel dimension, giving an input with 6 channels. The
input tensor �rst passes through a batch normalization layer, followed by two convolutional layers.
The �rst layer maps 6 ! 64 channels with a 3 � 3 kernel, stride 1, and padding 1. The second
layer maps 64 ! 38 channels with a 5 � 5 kernel, stride 2, and padding 2. Both layers use batch
normalization and ReLU non-linearities. The convolutional stem is followed by 12 residual blocks
of 38 channels, each with batch normalization and ReLU activations. The output is then �attened
and passed through a two-layer MLP that maps 9728!10000 and then to a vector matching the size
of the discrete latent space, with batch normalization and ReLU after the �rst layer and a sigmoid
activation at the �nal layer. For Sokoban, the input has 3 channels and the alignment model is fully
convolutional. Two convolutional layers with 2 � 2 kernels and stride 2 map 3!64!64 channels,
each with batch normalization and ReLU. These are followed by 8 residual blocks of 64 channels
with batch normalization and ReLU. A �nal 1 � 1 convolution with a sigmoid activation maps the
64-channel feature map to the 16-channel discrete latent feature map, which is �attened to match
the discrete latent space.

5.3 Training

We train E, T , and D jointly, minimizing the combined reconstruction and discrete world model
objectives in Equation 3 with a scheduler that increases the weight, !, from 1 � 10�3 to 0:5. We use
the Adam optimizer (Kingma & Ba, 2014) with a learning rate of 10�3 , weight decay of 10�5 , and
a batch size of 100. For the model with the continuous latent state, we do not round the outputs of
the encoder and the transition model. We train a goal-conditioned DQN over discrete latent states
using Q-learning. States are generated by encoding states used to train the world model and then
taking a random walk in latent space using T . Goal states are generated by taking another random
walk from the resulting state of the �rst walk. For each training instance, the length of the random
walk is uniformly sampled between 0 and 30. All transition costs are 1. Similar to prior work, we
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Figure 4: MSE for discrete vs. continuous alignment models across Rubik's Cube noise variants over
10,000 steps. The discrete world model has lower reconstruction error and does not accumulate error
over time.

maintain a target network (Mnih et al., 2015). The target network is updated when the performance
of the greedy policy of the DQN being trained improves. Finally, we train an alignment network
A to map a noisy observation �s to the discrete latent state of the corresponding clean observation,
r
�
E(s)

�
. We use the same optimizer as the discrete world model training and the loss de�ned in

Equation 4.

5.4 Evaluation

Model Performance. To determine the performance of the alignment model, we use the align-
ment model to map noisy states to clean latent states and then use the world model to predict next
states. We do this for 100 sequences of 10,000 steps each, with actions selected uniformly at ran-
dom. We compare against a model with a continuous latent space and a model that directly predicts
the RGB values for the next state. The continuous and discrete alignment models are trained on
the same paired data of noisy observations and clean latent targets, with the only difference being
whether rounding is applied to the outputs of the encoder and the transition model. For the contin-
uous model, the alignment network outputs continuous real values, which are passed to a transition
model that also operates without rounding. In both cases, the rollout is started from a noisy obser-
vation, and the output of the alignment model is used to initiate the latent rollout. We compare the
predicted next states with the ground truth next states to determine model accuracy. For the models
with latent states, we use the decoder at each step to obtain the predicted next state. Results show
that, while both continuous and discrete world models perform well on Sokoban, the discrete world
model performs signi�cantly better on the Rubik's Cube. Figure 4 shows the mean squared error
averaged across the visual transformations for the Rubik's Cube. The continuous models perform
relatively poorly, while the discrete model remains accurate and does not accumulate error. Fig-
ure 5 shows the decoded state from the output of the alignment model right after noise is applied
and then after taking 1,000 steps using the world models with continuous and discrete latent states.
Visual degradation can be seen for the continuous model over time, but not for the discrete world
model. The complete reconstruction MSE plots for the Rubik's Cube and Sokoban are available in
Supplementary Materials 10.

Planning performance. We now seek to verify that SPAR can be used to solve path�nding prob-
lems when states are given as noisy images. The alignment model maps noisy start and goal states
to discrete latents. Then, Q* search is performed in the discrete latent space, with the learned world
model predicting next states and the learned DQN serving as the heuristic function. We use exact
bitwise comparisons in the latent space to do goal tests and to reidentify states that have already been
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(a) Rubik's Cube domain

(b) Sokoban domain

Figure 5: Reconstruction of the alignment model's outputs starting from a noisy observation.

seen during search. We compare SPAR to DeepCubeAI, which does not use an alignment model,
on both clean and noisy states. We note that DeepCubeAI was not designed for noisy observations.
It is included to illustrate the brittleness of a state-of-the-art latent-space planner in the absence of
alignment, not as a baseline tuned for noisy observations. We also compare the results to using a
greedy policy after the alignment, which uses the learned DQN to select the action with the lowest
estimated cost-to-go at each step for 100 iterations, instead of Q* search.

We report the percentage of problems solved and the cost of solutions found in Table 1, and the re-
sults for each visual transformation in Supplementary Materials 12. Each visual variant is evaluated
on 1,000 test instances, and every reported solve rate is accompanied by a 95% Wilson score con�-
dence interval (Wilson, 1927). Results show that, while SPAR and DeepCubeAI perform similarly
on clean states, only SPAR is able to solve any of the noisy states. While SPAR solves the majority
of noisy states, there are failure cases, as shown in Figure 6 and Supplementary Materials 13.

Training the world model on noisy data. A natural alternative to SPAR is to train the world
model directly on noisy observations. This alternative, however, con�icts with the algorithmic
requirements of planning in a discrete latent space. First, heuristic search requires exact state re-
identi�cation. The planner must recognize when a latent state has already been visited and when the
goal has been reached, and both operations rely on exact bitwise equality in the discrete latent space.
When the world model is trained on noisy observations, the same underlying state produces different
latent encodings under different noise, which breaks these operations. Second, because the noise at
timestep t differs from the noise at timestep t+1, transitions in a deterministic MDP appear stochas-
tic during training, which hinders learning reliable transition dynamics. Third, whenever a new kind
of noise appears, the world model, along with the heuristic function trained with data generated from
it, must be re-trained, which SPAR avoids by design. To quantify these effects, we trained a discrete
world model on the same noisy dataset, with the same architecture and hyperparameters, used to
train SPAR's alignment model. This model predicted the discrete latent representation of the next
state with roughly 50% accuracy on held-out data. In contrast, the encoder trained on clean obser-



Reinforcement Learning Journal 2026

Table 1: Comparison of SPAR (ours) to DeepCubeAI and to using SPAR with a greedy policy
instead of Q* search when solving clean and noisy states. Metrics are length of paths, number of
nodes generated, number of seconds to �nd a solution, nodes per second, and percentage of problems
solved with 95% Wilson score con�dence intervals. Each visual variant is evaluated on 1,000 test
instances. The clean settings use 1,000 instances per domain, the noisy settings aggregate all visual
variants (16,000 instances for the Rubik's Cube and 18,000 for Sokoban), and the real-world setting
uses 10 instances.

DOMAIN OBSERVATION SOLVER LEN NODES SECS NODES/SEC SOLVED 95% CI

Rubik's Cube

Clean
SPAR 22.85 2.00E+05 6.21 3.22E+04 100% [99:6; 100:0]
DeepCubeAI 22.85 2.00E+05 6.21 3.22E+04 100% [99:6; 100:0]
Greedy Policy � � � � 0% [0:0; 0:4]

Noisy
SPAR 22.85 2.00E+05 6.21 3.22E+04 89.92% [89:4; 90:4]
DeepCubeAI � � � � 0% [0:00; 0:02]
Greedy Policy � � � � 0% [0:00; 0:02]

Real-World
SPAR 23.61 1.90E+05 6.21 3.06E+04 50% [23:7; 76:3]
DeepCubeAI � � � � 0% [0:0; 27:8]
Greedy Policy � � � � 0% [0:0; 27:8]

Sokoban

Clean
SPAR 32.32 2.39E+04 20.58 1.16E+03 100% [99:6; 100:0]
DeepCubeAI 32.32 2.39E+04 20.58 1.16E+03 100% [99:6; 100:0]
Greedy Policy � � � � 41.9% [38:9; 45:0]

Noisy
SPAR 32.30 2.39E+04 20.55 1.16E+03 96.31% [96:0; 96:6]
DeepCubeAI � � � � 0% [0:00; 0:02]
Greedy Policy � � � � 0% [0:00; 0:02]

Figure 6: Failure cases for using SPAR to �nd solution paths.

vations achieves 100% accuracy with a simpler neural network, and the alignment model, trained
to map noisy observations to the discrete latent states produced by this encoder, reaches about 90%
accuracy on the held-out noisy dataset.

Generalization to Real Images. To assess the generalization capabilities of SPAR, we evaluate
SPAR on photos of a Rubik's Cube taken in the real world in different lighting conditions and back-
grounds. We note that no real-world images were seen during training. We take two photos of the
Rubik's Cube with a phone, each one containing three faces of the cube, in a similar orientation to
the of�ine data. These two photos are then resized to 32 � 32 and concatenated. The prediction of
the alignment model is then passed to the pretrained decoder to get the reconstruction of the discrete
encoding. For a qualitative analysis, the original images, the resized images, and the reconstruction
obtained after applying SPAR are shown in Figure 7. Despite never seeing real-world images of the
Rubik's Cube, SPAR successfully reconstructs the cube in several examples, while failing to recon-
struct some stickers in others. For a quantitative analysis, as we did for the other noisy images, we
use SPAR to �nd a solution path based on the real-world images and, if one is found, we validate
it on the real-world cube. This evaluation uses 10 real-world instances, so the corresponding con�-
dence interval in Table 1 is wide. Table 1 shows that SPAR is able to �nd a solution path for half of
the real-world examples.
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Figure 7: Applying SPAR to a real-world Rubik's Cube image with differing lighting and back-
ground.

6 Discussion and Future Work

Failure cases and robustness to increasing noise. Figure 6 and Supplementary Materials 13
show that, in many failure cases, information relevant to the clean state was occluded by noise.
While a lack of information may make it impossible to �nd a path with SPAR, future work could
use re-planning when the observations expected under the plan that SPAR executes diverge from
the actual observations. This could be integrated by treating particularly noisy examples as partially
observable MDPs (POMDPs), where the belief state is updated as actions are taken, or by modeling
sequences of observations to recover the ground-truth state. A structured stress test that gradually
increases the severity of each transformation, characterizing the noise threshold below which exact
latent reconstruction is possible, is another direction for future work. For failure cases where enough
information is present, but the examples are out of distribution and generating similar training data
is dif�cult, as is the case for the real-world photos of the Rubik's Cube, large vision models could
be used to generate such out-of-distribution data.

Large vision models could also be used to relate salient features in the images to the discrete latent
space. As a result, bits in the discrete latent space could be used to identify the presence or ab-
sence of certain objects. Building on this information, formal logic languages capable of describing
complex goals, such as answer set programming (Brewka et al., 2011), could be used to specify
goals (Agostinelli et al., 2024a) instead of a goal image.

Continuous latent performance on Sokoban. While the continuous alignment models degrade
quickly on the Rubik's Cube, they perform comparatively well on Sokoban, where the difference
in reconstruction MSE between the continuous and discrete models is on the order of 10�3 (Sup-
plementary Materials 10). A possible explanation is that boxes in Sokoban quickly get pushed up
against walls and become immovable. After this occurs, only the location of the agent changes
between transitions, making small real-valued errors less likely.


