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Abstract—Curriculum reinforcement learning (CRL) aims to
speed up agent learning by organizing tasks in a progressively
harder sequence. However, many existing CRL methods struggle
to guide agents toward meaningful goals, especially when domain
knowledge is limited or unavailable. To overcome this limitation,
we introduce PIDCRL, a diffusion-based CRL framework that
leverages a mask-conditional, image-to-image pretrained diffusion
model to automatically generate curriculum goals from agent
trajectory heatmaps. Given a heatmap trajectory image as input,
the model produces candidate curriculum goals, which we then
filter and select using several strategies, including averaging, -
value scoring, and a trainable reward-based mechanism. These
strategies identify curriculum goals that are both achievable and
appropriately challenging, enabling effective curricula without
expert-designed heuristics. Across three maze environments,
PIDCRL matches or outperforms ten state-of-the-art CRL
baselines.

I. INTRODUCTION

Reinforcement learning (RL) enables agents to learn optimal
actions through trial-and-error interactions with the environ-
ment, guided by a reward signal to adjust their strategies
to maximize cumulative rewards. Deep RL [1], [2], which
integrates deep neural networks with RL, provides a scal-
able solution for high-dimensional decision-making tasks,
such as mastering complex video games [3], autonomous
driving [4], and robot manipulation tasks [5], [6]. A key
challenge in RL is efficiently exploring large state spaces,
which becomes increasingly costly as their size grows [7].
Curriculum reinforcement learning (CRL) provides the agent
with instructive sequences that progressively lead it toward the
target objective. Several strategies exist for curriculum goal
generation. Uncertainty-based methods leverage exploration
guidance but can be less effective in large goal spaces [8], [9].
Other approaches involve interpolating between source and
target task distributions [10], [11] or minimizing the distance
(e.g., Euclidean) between the distribution of achieved states
and a desired goal distribution, though distance metrics may be
suboptimal in certain environments, such as Maze [12]. Genera-
tive adversarial networks (GANs) have also been employed for
CRL, although they usually depend on arbitrary thresholds [13].
The present work starts from the hypothesis that existing CRL
methods may provide a valuable source of knowledge, currently
untapped, that could be used to generate curriculum goals more
effectively. To this aim, we propose an innovative approach
to curriculum goal generation by repurposing Palette [14]-a
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Fig. 1: Overview of PIDCRL. The pipeline comprises three phases:
(I) data collection and conversion of trajectories to heatmaps; (II)
Palette diffusion model training; (III) inference, where the trained
model generates and filters curriculum goals to guide the RL agent.

diffusion model originally developed for image colorization,
inpainting, uncropping, and JPEG restoration—for curriculum
generation. Specifically, we represent both the agent’s trajectory
and the curriculum goal as heatmap images, with a marker
indicating the goal location. We use a state-of-the-art CRL
algorithm, OUTPACE [9], for building a dataset of such
trajectories. By learning from trajectory-goal pairs, the diffusion
model implicitly captures underlying environment-specific
features and generates goals that are both achievable from
the current trajectory and progressively challenging, without
relying on explicit domain knowledge or handcrafted heuristics
[15]. The main contributions of our paper are:

1) Adaptation of diffusion models for CRL: We adapt the
image-to-image translation capabilities of the Palette [14]
diffusion model to the domain of curriculum learning. By
processing agent-trajectory heatmaps, we introduce a visual
generative approach to defining learning goals.

2) Context-aware training and generative inference: We con-
struct a robust dataset using OUTPACE [9] (the best-
performing method among our baselines (Section IV-A)).
During training, a binary mask highlights the region to be
reconstructed (Section IV-B), enabling the diffusion model
to inpaint that area conditioned on the visible context. At
inference (Section IV-C), the model receives a masked agent
trajectory image as input and generates a set of curriculum
goal candidates.

3) Strategic goal selection: We implement and evaluate distinct
selection strategies (Section IV-D) to filter the generated
candidates and identify a goal that is achievable yet
sufficiently challenging.



II. RELATED WORK

Palette [14] is a versatile framework for image-to-image
translation using conditional diffusion models. The framework
is evaluated on four key tasks: colorization, where it adds
color to grayscale images; inpainting, where it fills in missing
regions; uncropping, where it extends image boundaries; and
JPEG restoration, where it recovers quality from compressed
images and outperforms GAN and regression baselines without
task-specific tuning.

CRL frameworks systematically design sequences of learn-
ing experiences to enhance agent performance and training
efficiency. These methods construct intermediate objectives
that guide agents toward target goals, demonstrating particular
utility in robotics manipulation tasks [6]. Hindsight experience
replay (HER) [16] can be considered as an implicit curriculum
approach. However, its effectiveness diminishes when target
goals are distant from initial states. Building upon HER,
hindsight goal generation (HGG) [12] improves this limitation
by combining value function maximization with Wasserstein
distance minimization.

Other methods, such as CURROT [17] and GRADIENT
[18], employ optimal transport principles for curriculum design.
CURROT reformulates CRL as a constrained optimization
problem using Wasserstein distance to quantify distributional
divergence, while GRADIENT introduces task-specific contex-
tual metrics and accommodates non-parametric distributions
in diverse settings. Self-paced reinforcement learning (SPRL)
[10] adapts principles from self-paced learning to RL.

GoalGAN [13], instead, utilizes GANs [19] to generate
intermediate goals without explicit target distribution alignment.
A discriminator evaluates goal difficulty relative to the current
policy, while a generator proposes regions via indicator reward
functions. Policies are conditioned on both state and goal, akin
to universal value function approximators [20].

PLR [8] prioritizes experiences with high temporal-difference
error-based learning potential, creating a self-paced curriculum.
VSD [21] selects goals by estimating epistemic uncertainty
in value function predictions, favoring goals with balanced
confidence. ACL [22] maximizes learning progress through
metrics like prediction accuracy improvements and network
complexity growth.

ALP-GMM [11] fits Gaussian mixtures using absolute
learning progress (ALP) scores, derived from reward differences
across episodes. OUTPACE [9] employs adversarial intrinsic
motivation (AIM) [23] to minimize the Wasserstein distance.
It generates curricula via conditional normalized maximum
likelihood to classify goal-associated states and prioritizes
uncertain, temporally distant objectives using meta-learning
and Wasserstein-based temporal approximations.

III. BACKGROUND

We now introduce the background concepts on multi-goal
RL, soft actor-critic (SAC), Wasserstein distance, AIM, and
diffusion models, which are the main elements of our approach.

A. Multi-Goal Reinforcement Learning

We formulate the multi-goal RL problem as a goal-
conditioned Markov decision process (MDP), defined
by the tuple (S, A4,G,T,R,po,v-). Here, S is the state
space, A is the action space, and G is the space of
possible goals. The transition dynamics 7T (s'|s,a) gives
the probability of transitioning to state s’ after taking
action a in state s. The initial state sy and the desired
goal g for an episode are sampled from a joint distribution
po(80,9). The reward function R(s,a,g,s’) provides
feedback, and 7, € [0,1) is a discount factor. The agent’s
objective is to learn a goal-conditioned policy 7 (als, g) that
maximizes the expected discounted cumulative reward: J(7) =
ESOagNPOﬂf/“ﬂ('\St,g),5t+1~7-(-|5f,,at) [Ztoio VﬁR(St’ ag, 9, St+1)]'
In this work, we utilize the AIM [23] reward function 7,
detailed in Section III-B, to provide denser learning signals.
Building upon multi-goal RL, we further enhance the agent’s
learning efficiency by incorporating curriculum goals. CRL
structures the training process by presenting tasks in a
sequence of increasing difficulty, allowing the agent to master
simpler tasks before progressing to more complex ones.

B. Wasserstein Distance and Adversarial Intrinsic Motivation
Reward Function

The AIM reward function can be learned, as suggested
by Durugkar et al. [23], through the minimization of the
Wasserstein distance between the state visitation distribution
pr and the target goal distribution . The minimization
of the Wasserstein distance W (pr,G), also referred to as
the Kantorovich—Rubinstein distance, enables the formulation
of a reward function that assesses the required effort to
transition the state visitation distribution p, to the desired
goal distribution G. It is expressed as follows: W1 (pr,G) =
D), <1 [Bang 11 (9)] — Eump. [£(5)]]. Here, f(s) is a po-
tential function and monotonically increases along trajectories
and reaches its peak value at f(g). A reward function Ty can
be approximated by a neural network whose output increases
as the states approach the desired goal ¢ € G and can be
trained using the data collected by the policy 7. Leveraging
the estimation of the Wasserstein distance W1 (p, G), the loss
function for training the parameterized reward function 7 is
defined as follows:

Ly =B gion [f2(s) = 17 (9)] +

- - 21 (D
A B s [max (|£3() = £7 ()] = 1,0)7]

where B is the replay buffer and the second component of the
sum is a penalty term, and the coefficient A is necessary to
ensure smoothness [23]. The reward, which is the negative of
the Wasserstein distance —W7 (p,,G), can then be calculated

as follows':r, (s, 9) = f2(s) — fZ (9) -

'Note that T4 (s, g) is used both as the reward signal (maximized by the
policy) and, when the initial state so is fixed, as a measure to evaluate goal
proximity during curriculum selection (minimized to find accessible goals)



C. Diffusion Models

Diffusion models [24] express a probability distribution
p(xo) through latent variables in the form py (xg) :=
J po (zo:n) d1.n, where @1, ..., xy are latent variables of
the same dimensionality as the data g ~ p (o). These models
are characterized by a forward and a reverse diffusion process.
The forward diffusion process approximates the posterior
g (x1.n | o) using a Markov chain that perturbs the input
data by gradually adding Gaussian noise xo ~ ¢ (o) in N

steps with a predefined variance schedule (i, ..., Sy. This
process is defined as:
N
q(z1n | o) : H (zk | TH—1) 2

q(zp | Tp—1) =N (-’Bk; V1- ﬁkwkq,ﬁkf) .

Here, N (xx; V1 — By ®r_1, Br) denotes a multivariate
Gaussian (normal) distribution with mean p = /1 — B @1
and covariance matrix 3 = (i I, where I is the identity matrix.
The reverse diffusion process aims to recover the original input
data from the noisy (diffused) data. It learns to progressively
reverse the diffusion process step by step and approximates
the joint distribution py (2. ). This process is defined as:

N

po (o.n) :=p (xn) [] po (@r—1 | @)
k=1

N (Xk—l; /.19 (X;€7 k‘) ) 29 (Xk, k))

where p (xn) = N (xn; 0, I). The optimization of the reverse
diffusion process is achieved by maximizing the evidence lower

bound (ELBO) E,, |In Fe(@on)

q(x1:n[x0)
from Gaussian noise € ~ p (xy) and running through the
reverse diffusion process from k = N to k = 0 yields an
approximation of the original data distribution.

3

Po (Th—1 | Tk) 1=

}. Once trained, sampling data

IV. METHODOLOGY

In multi-goal RL, the agent is tasked with achieving multiple
goals, each sampled from a goal distribution at the start of
every episode. By integrating a curriculum design into multi-
goal RL, we restructure the task to begin with simpler goals
and progressively increase the task difficulty. To generate these
curriculum goals, we utilize Palette [14], an image-to-image
diffusion model, originally developed for image inpainting,
which we repurpose to create curriculum goals for CRL.

As RL and diffusion processes operate on distinct tem-
poral values, we denote the diffusion iteration index as
k €{0,..., N} and the RL trajectory index as ¢t € {0,...,T}.

The curriculum goal generation process begins with training
a conditional diffusion model. This training involves preparing
a dataset of images where each image represents an RL episode.
These images encode the agent’s trajectory as a heatmap where
pixel intensity reflects the frequency or recency of state visits—
and the goal as a distinct black box marking its location.
During inference (i.e., during the reverse-diffusion process),
the trained diffusion model generates curriculum goals for the

RL agent during its roll-out phase. Specifically, during RL
training, we construct the agent’s trajectory heatmap image 7
for one episode and apply a mask to occlude the trajectory
part of the image and a random subset of pixels. The masked
region is initialized with Gaussian noise, while unmasked pixels
retain their original values (Section IV-B). The diffusion model
then iteratively denoises the masked region, conditioned on
the masked pixels of the original image. The final output is an
image combining the curriculum goal (in the denoised region)
with the agent’s trajectory heatmap.

Recall that the neural network fy is trained to predict e given
a noisy image Zy and Zj. Consequently, once Z is known,
we estimate 7 by rearranging the terms in Eq. (3), yielding:

N

po(Zo.NZn) = p(IN) H po(Zi1|Ti, In) @)
k=1
where:
6(Inyij —Tosy) if Mi; =0
I — 50 B2y 5] 5
P E[ {N(IN@,j;O,Uz) it M; ;= 1. )

In is obtained by applying a binary mask to the image, so as
to control which part of the image should undergo the diffusion
model’s noising and denoising process:

In=ToO(1=-M)+n6M (6)

where M is the binary mask, Zy is the noisy image in the
masked region, n ~ N(0,0?) is Gaussian noise, and © is
element-wise multiplication. The reverse diffusion process,
parameterized by 6, is then applied, starting from the last step
N and proceeding backward to step 1:

a
po(Zi, In, o) = k fe(IkaIN754k)>

1 1-—
(7, - ——"F
Ok < k V31— ay

)

Ik ].—Oék
Tk 1|2y = 0(Zk, In,ar) +vV1 — age
bt S T ey e B ) (’;)

where ¢ ~ N(0,T). We adopt the following simplified loss
function to train the conditional model fy, which approximates
the noise term e:

L=Ez, 7, e~N(0.1) |l€ = fo(Ts In, o)) )

A. Data Collection

The data collection for the inpainting diffusion model
involves a series of systematic steps to record, process, and
visualize agent trajectories. Initially, we generated a dataset
by training the OUTPACE method [9], independently for each
maze environment, and recorded, for each episode, the position
of the generated curriculum goal along with the agent’s state
sequence S = sg, S1,. .., ST, where s; represents the agent’s
position at timestep ¢ and 7" denotes the final timestep of the
episode.

To visualize the agent’s behavior, we scaled and discretized
its continuous positions onto an N x M pixel grid, generating
a heatmap for each episode. In the heatmap (see the input
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Fig. 2: A masked heatmap batch is denoised using the Palette diffusion
model to reconstruct the agent’s trajectory and curriculum goals.

image Zy on the left in Fig. 2 for an example), darker red
shades indicate regions that were frequently visited by the agent
during that episode, while lighter shades denote less-visited
areas; unvisited regions appear white. The curriculum goal for
the episode is highlighted as a black square.

B. Mask Configuration

Masks play a critical role in guiding the inpainting process
by specifying which image regions should be reconstructed
by the diffusion model. In our framework, masked regions are
initialized with pure Gaussian noise while preserving original
pixel values in unmasked areas. The Palette diffusion model fills
the masked regions with Gaussian noise. During the reverse
process, the diffusion model denoises the masked regions,
conditioned on the masked pixels of the input image. For
our experiments, we employ a path-based mask, illustrated
above the arrow in Figure 2. This mask was designed to
occlude regions corresponding to the agent’s trajectory, the goal
location, and a random subset of other pixels. By incorporating
both trajectory context and an element of randomness, it
encourages the diffusion model to generate curriculum goals
that are contextually relevant to the agent’s recent path, thereby
producing meaningful exploration targets.

C. Diffusion Model for Curriculum Goal Generation

We employ a diffusion model to generate curriculum goals.
This process involves two phases: training the model and
then using it for inference during RL training. By training
a diffusion model on a dataset containing agent trajectory
heatmaps and their corresponding curriculum goals (generated
using OUTPACE [9] in our experiments) for each episode i, we
aim to capture the relationship between the agent’s trajectory
and the curriculum goals. In other words, the generated dataset
guides the agent through curriculum goals, and the diffusion
model is trained to learn this guidance based on the provided
trajectory heatmaps. Note that we do not train OUTPACE
jointly with the diffusion model; OUTPACE is used only to
generate the dataset for this work. In principle, the same type
of data could be collected by other means, without relying on
OUTPACE. To generate curriculum goals, we use the trained
diffusion model in our RL training setup (Section IV-D).

Given an agent trajectory heatmap image for an episode ¢,
a path-based mask M is applied to this heatmap, occluding
parts of the trajectory and random pixels, as described in
Section IV-B. Unlike the diffusion model training, in this case,
we do not have any goal information in the input image,

and we expect the trained diffusion model to generate it
for us. In this case, by only using the inference (reverse)
process of the diffusion model, we feed the masked image
to the model and obtain the generated agent’s trajectory and
curriculum goal for the next episode i + 1. The masked region
is initialized with Gaussian noise, while unmasked pixels
retain their original values. The diffusion model then iteratively
denoises the masked region, conditioned on the masked pixels
of the input image. The final output is an image combining
the curriculum goal (in the denoised region) with the agent’s
trajectory heatmap. Examples of the diffusion process are
shown in Fig. 2. As shown in Fig. 2, the input image is given
to the diffusion model. It is to be noted that the input image has
no goal information. The mask is applied to the input image,
and the diffusion model is used to gradually denoise the noise
in the mask region. In the final output, a goal is generated
and used as the curriculum goal for the next episode. The
curriculum goal coordinate g., required by the RL agent, is
extracted from the denoised image Z; via the PixelToCoord
procedure. First, the image is converted to grayscale. Then,
the black square marker is isolated by thresholding on low-
intensity pixels, and its geometric centroid is computed in
pixel coordinates. Finally, these pixel coordinates are mapped
back to the continuous environment space by dividing by an
image scale factor (see Appendix), which is the exact inverse
of the CoordToPixel function used to generate the training
heatmaps. This yields the curriculum goal g. = (z,y) for the
next episode.

D. Goal Selection Strategies

Instead of using a single masked image as input to the
diffusion model, we propose generating a series of path-based
masked images. Given a heatmap, we apply & distinct binary
masks to produce a batch of k partially masked inputs, where
the number of masks, k, is a hyperparameter. Each masked
heatmap serves as an independent input channel to the diffusion
process. This multi-channel mechanism enables the model to
independently reconstruct the masked regions for each of the
k inputs, yielding a batch of k& denoised heatmaps containing
the goal information. This process is illustrated in Fig. 2.
This batched masking strategy allows us to generate multiple
candidate curriculum goals for the same trajectory by applying
different sets of masks. Additionally, it enhances the robustness
of our algorithm by mitigating failure cases where a denoised
image may contain no goal information or multiple goals. A
key challenge, however, is selecting the optimal curriculum
goal from the generated candidates. To address this, we propose
four strategies for curriculum goal selection, namely:

1) Averaging: Calculates the arithmetic mean of the coordinates
of all candidate goals G. and uses this average as the
curriculum goal g, for the next episode. The arithmetic mean
is chosen because it is the simplest and most computationally
efficient aggregation method.

2) AIM reward: We utilize the trainable AIM reward (Sec-
tion III-B), to select a curriculum of goal candidates that
maximizes the AIM reward. The AIM reward is a trainable



reward function designed to estimate the agent’s proximity
to the desired goal. Specifically, it quantifies the reward
associated with the agent’s current position relative to the
desired goal.

3) Q-function: This strategy utilizes the agent’s learned state-
action value function, (), and guides the agent by selecting
a curriculum goal from the generated candidates G.. The
Q-function provides an estimate of the expected cumulative
reward. For each candidate goal g. € G., we compute a
score derived from the @)-function, potentially evaluated
over the agent’s recent trajectory (so.r,ao.r), denoted
as Q(so.1,ao.1,gc). These scores are normalized into a
probability distribution using the softmax function, and
a curriculum goal g. is then sampled according to these
probabilities. This method favors goals that yield a higher Q-
value, thereby selecting objectives aligned with the agent’s
learned policy and value estimations, which promotes
efficient learning.

4) AIM reward & @Q-function: Both the AIM reward and the
@-function can be used to select the curriculum goal for the
next episode. Since the AIM reward estimates the immediate
reward while the Q-function predicts the cumulative reward,
they can be combined with different weighting terms to
effectively select the curriculum goal.

The overall training pipeline is illustrated in Fig. 1. Ini-
tially, a trajectory dataset, comprising state sequences and
corresponding curriculum goals, is generated by training a
baseline agent with the OUTPACE method [9] independently
for each maze environment. This data is then transformed
into an image dataset; each sample is a trajectory heatmap
visualizing the agent’s path and marked with the episode’s
curriculum goal. A masking mechanism (Section IV-B) is
applied to each heatmap, typically occluding portions of
the trajectory and the goal location, thereby framing the
task as an image inpainting problem. A diffusion model is
subsequently trained on this masked dataset to reconstruct the
occluded regions, learning the relationship between trajectory
heatmaps and corresponding curriculum goals. Once trained,
this diffusion model is employed during the PIDCRL training
phase (Section IV-C). In each training episode, the agent’s
trajectory is converted into a heatmap image, which excludes
explicit goal information. Given a heatmap, % distinct binary
masks are applied to generate a batch of k partially masked
inputs. These masked heatmaps serve as input to the trained
diffusion model, which generates candidate curriculum goals
for the next episode based on the observed trajectory pattern.
Finally, an optimal curriculum goal is selected from the
candidates using the mechanism described in Section IV-D
and utilized in the PIDCRL training process.

Algorithm 1 details the PIDCRL steps. The method ini-
tializes the off-policy algorithm, replay buffer, networks, and
sets the initial curriculum goal equal to the desired goal (line
3). In each episode, the agent interacts with the environment
using the current curriculum goal (lines 7-9). The agent’s
trajectory is then converted to a heatmap image and passed

Algorithm 1 PIDCRL process

1: Input: No. of episodes E, no. of steps T’
2: Select an off-policy algorithm A > In our case, A is SAC

3: Initialize replay buffer B < (), g. < {ga} and networks
Qo> Ty Ty

4: for episode =0... F do

5: Sample initial state sg

6: fort=0...7 do

7: ar = (s, ge)

8: Execute a;, obtain next state s;1

0: Store transition (s;, at, 7, St41, ge) in B

10 Ty = CoordtoPixel(sg.r) > Convert the trajectory

to a heatmap image

11: G. + PaletteCurriculumGenerator(Zy)

12: Find g. = GoalSelector(G,.)

13: Sample a minibatch b from replay buffer B

14: Update Q and 7 with b to minimize Lo and L,

15: Update the AIM reward function r,,

16: success < 0 > Success rate
17: Sample a desired goal g4 ~ G

18: fori =1... Ntestrollout do

19: ar = (8¢, gd)

20: Execute a;, obtain next state s;4; and reward r;
21: if |¢(St+1) — gal < K then

22: L success =< success + 1/Nyestrollout

23: return success

to PaletteCurriculumGenerator (line 11) to produce
candidate curriculum goals G.. From these, one goal g. is
selected using the GoalSelector (line 12) for the next
episode. Networks are updated using minibatches from the
replay buffer (lines 14-15). Success rate is measured by test
rollouts that verify if the agent reaches the desired goal within
threshold x (lines 16-22).

V. EXPERIMENTS

To validate the effectiveness of our approach, PIDCRL, we
performed evaluations in three challenging maze tasks, namely
PointUMaze, PointNMaze, and PointSpiralMaze, simulated
using MuJoCo [25]. We benchmarked PIDCRL against a
comprehensive set of ten established CRL baselines: ACL
[22], Goal GAN [13], HGG [12], ALP-GMM [11], VDS [21],
SPRL [10], PLR [8], CURROT [17], GRADIENT [18], and
OUTPACE [9]. All results are reported over five random
seeds. The implementation code is publicly available at https:
//github.com/farukoruc/DiffusionOutpace. This repository also
includes full-resolution plots, extended quantitative results, and
additional analyses (located in the supplementary/ folder).

A. Goal Selection Mechanism

We first conduct an ablation study to investigate the four goal
selection mechanisms discussed in Section IV-D. Results are
reported in Fig. 3. The performance differences observed among
the four goal selection mechanisms mainly stem from the
interaction between each mechanism’s underlying strategy and



TABLE I: No. of timesteps (rounded) to reach success rate 1.0
(average =+ std. dev. across 5 runs). Only methods reaching a success
rate 1.0 in all runs within 1e6 timesteps per environment are included;
methods failing in any run (seed) for a given environment are excluded.

Algorithm PointUMaze PointNMaze PointSpiralMaze
PIDCRL (Ours) 25400 £ 1020 87625 + 21702 234125 £ 23089
OUTPACE 29800 + 4166

113333 £ 24267 396875 £ 111451
HGG 48750 + 24314 - -
GRADIENT 263431 £ 114795

the specific complexities of the maze environments. Examples
of curriculum goals generated by AIM reward & @Q-function
strategy across the different maze environments are visualized
in Fig.5.
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indicating the standard deviation.

Averaging: This simple strategy computes the geometric
mean of the coordinates of all candidate goals G. generated
by the diffusion model. While computationally inexpensive, it

lacks awareness of the environment’s geometry and constraints.

As a result, averaging can yield curriculum goals located
within impassable regions (e.g., walls). In simpler environments
like PointUMaze and PointNMaze, this limitation is less
detrimental. The maze structures are less convoluted, and the
agent’s interaction with the environment (e.g., collisions) can
often compensate for suboptimal goal placement. An averaged
goal might still provide a useful directional cue, guiding
exploration towards the target region. However, in the complex
PointSpiralMaze (Fig. 3c), which demands precise navigation,
Averaging performs poorly because infeasible or poorly placed
goals can easily get the agent stuck in unproductive loops.
AIM reward: This strategy selects the candidate goal g € G,
that minimizes the learned function 77 (so, g), derived from
the AIM framework (Section III-B). This function estimates
the distance to reach a goal g from the initial state s,
without explicitly encoding the maze geometry. In simpler
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Fig. 5: Curriculum goals generated by PIDCRL over timesteps.

mazes (PointUMaze, PointNMaze, Fig. 3a-b), this approach
performs well, rapidly guiding the agent towards the target
region by selecting goals considered most accessible. Mini-
mizing this learned proximity serves as a reasonable heuristic
for progressive goal setting in less structured environments.
However, its performance degrades significantly in the complex
PointSpiralMaze (Fig. 3c). Because the AIM proximity function
lacks awareness of the intricate maze structure and long-term
path feasibility, selecting goals solely based on minimizing it
can lead the agent towards infeasible regions.

Q-function: This strategy leverages the agent’s learned state-
action value function Q4 to score candidate goals, selecting
goals predicted to yield high cumulative future rewards. The
effectiveness of this strategy hinges on the accuracy of
the @-function, which improves as the agent accumulates
environmental experience during training. This explains the
initially slower convergence observed for the @Q-function
selection mechanism in PointUMaze and PointNMaze (Fig. 3a-
b). However, as the value estimates become more reliable, this
method excels at identifying goals that are both feasible and
strategically advantageous for long-term reward maximization.
This makes it particularly effective in complex environments
like PointSpiralMaze (Fig. 3c), where understanding the
environmental structure and long-term consequences is crucial.

AIM reward & Q-function: This combined strategy seeks
to balance the strengths of the AIM reward and @Q-function.
It selects goals based on a weighted sum of the negative
AIM proximity (favoring accessible goals) and the )-value
(favoring strategically valuable goals). By incorporating both,
this approach aims for robustness across different levels of
complexity of the environment. As shown in Fig. 3, this
combined strategy often achieves a performance between AIM
reward and @-function. It represents a practical compromise,
leveraging both learned proximity and value estimation for
curriculum goal selection.

B. Comparison with State-of-the-art methods

The results, illustrated in Fig. 4 and detailed in Table I, high-
light PIDCRL’s effectiveness. For comparison with baseline
methods, we utilize for PIDCRL the best-performing goal
selection strategy for each respective environment: namely,
Averaging for PointUMaze and PointNMaze, and the Q-
function for PointSpiralMaze.

Figure 4 shows that PIDCRL consistently achieves higher
success rates more rapidly than the ten baseline methods
across all three maze environments. Table I further quanti-
fies this, showing that PIDCRL reaches a 1.0 success rate
significantly faster, an advantage that is more pronounced in



complex environments. Notably, strong baselines like HGG and
GRADIENT, while competitive in PointUMaze, often fail to
achieve complete success in the more challenging mazes within
the given timeframe, underscoring PIDCRL’s robustness and
efficiency.

VI. CONCLUSION AND LIMITATIONS

PIDCRL formulates curriculum-goal generation as an image
inpainting problem by training a Palette diffusion model
on OUTPACE-generated trajectory—goal pairs. During RL,
it uses the model to complete masked trajectory heatmaps,
generate candidate goals, and select an appropriate goal to
guide the agent. The experimental results show that PID-
CRL consistently generates challenging yet achievable goals,
matching or outperforming state-of-the-art CRL methods in
three complex maze environments. Despite its effectiveness,
PIDCRL has several limitations. It relies on an initially
generated dataset for diffusion model training, and diffusion-
based inference introduces additional computational overhead
during RL. Moreover, the current trajectory representation is
restricted to two-dimensional environments, and extending it to
higher-dimensional state spaces may require larger datasets and
increased computational resources. Future work will explore
data generation without synthetic supervision and more efficient
diffusion architectures. It will also investigate extensions to
three-dimensional and more complex environments.
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