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ABSTRACT

World models enable efficient policy learning by replacing costly
environment interactions with planning and imagination in latent
space. However, world models are often trained on data collected
from fixed or randomly generated environments. We introduce
Model-driven Adversarial Curriculum (MAC), a closed-loop ap-
proach that actively generates training environments for world
model learning. MAC couples procedural generation with an ad-
versarial editor that is trained to generate environments with high
world model prediction error, thereby exposing underrepresented
and poorly predicted transitions. This enables a single world model
to continually accumulate reusable dynamics knowledge across a
curriculum of training environments.

To support transfer across diverse environments, we further
propose an Agent-Centric Attentive World Model (AC-AWM) that
uses local, action-conditioned attention to disentangle agent-centric
dynamics from background variation. Experiments on MiniGrid
show that MAC improves zero-shot generalization to unseen target
tasks and is substantially more sample-efficient than training on
randomly generated environments and direct training on target
tasks.
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1 INTRODUCTION

Learning effective world models is increasingly viewed as a key
challenge for autonomous agents, since predictive models enable
planning and imagination in latent space and can substantially im-
prove data efficiency in reinforcement learning [9, 13, 20]. Unlike
policy learning, which focuses on acquiring task-specific behav-
iors, world models aim to capture environment dynamics, which
transfer across tasks and settings [7, 24]. Consequently, the distri-
bution of training experience directly determines which dynamics
are modeled and which remain underrepresented. Despite this cen-
tral role of experience, most world model learning pipelines still
rely on collecting large amounts of interaction data from fixed sim-
ulators [3, 11]. Alternatively, training may be performed across
randomly varied environments, which involves generating multi-
ple environment instances [21]. Such training regimes are often
inefficient and may fail to expose rare but highly informative inter-
actions, delaying the emergence of accurate and reliable predictive
representations. These limitations suggest that the bottleneck lies
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Figure 1: Model based curriculum learning. A generator cre-
ates training tasks guided by feedback from the world model,
establishing a closed-loop curriculum learning process.

not only in model capacity, but in how training environments are
structured.

From this perspective, training environments can be viewed as
generative processes over environment configurations—effectively
parameterized “worlds” [17, 18]. If the environment distribution
governs the transition distribution observed by the agent, then
shaping this distribution becomes a principled mechanism for ac-
celerating world model learning. Curriculum learning (CL), which
organizes experience through structured progression, naturally
emerges as a candidate solution.

CL has long been central to improving policy learning, progress-
ing from manually designed curricula to automated and adversarial
schemes that adapt task difficulty to agent competence [1, 5, 23].
Recent work on Unsupervised Environment Design (UED) simi-
larly aims to learn generalized policies, which perform robustly
across diverse environment instances rather than overfitting to
a single configuration, by generating training environments that
induce learning progress and robust behavior [4]. However, these
approaches primarily target policy optimization rather than sys-
tematic modeling of environment dynamics.

Consequently, curriculum mechanisms specifically designed for
world model training remain comparatively underdeveloped and are
often applied in a manual or ad-hoc manner, for example through
hand-crafted task suites or fixed domain randomization. While
maximizing environment diversity increases variation, diversity
alone does not guarantee exposure to transitions that are underrep-
resented or poorly predicted by the current model. Without guided
progression, a world model may waste capacity modeling trivial
transitions or fail to discover rare, complex interactions essential
for robust prediction. Effective learning therefore requires not ex-
haustive variation, but targeted exposure aligned with the model’s
predictive competence and learning progress [10, 16, 19].
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A fundamental gap remains in the current landscape: to the best
of our knowledge, principled curriculum mechanisms explicitly
developed for training generalized world models remain largely
unexplored, while curriculum mechanisms are well-established
for policy optimization. To this end, we propose the Model-driven
Adversarial Curriculum (MAC) framework. Central to MAC is an
Agent-Centric Attentive World Model (AC-AWM), designed to de-
couple agent ego-motion from varying background features. This
architecture enables knowledge reuse across heterogeneous envi-
ronments, allowing the curriculum to efficiently target the domain’s
underlying dynamics. As illustrated in Figure 1, MAC operates as a
closed-loop process where a Procedural Content Generation (PCG)
component supplies diverse canvases, and an editor agent performs
targeted modifications based on the model’s predictive error. By
focusing on underrepresented transitions, MAC ensures the rapid
learning of a robust and generalized world model.

2 RELATED WORK
2.1 Model Based Reinforcement Learning

Model-based reinforcement learning (MBRL) improves decision-
making by learning an explicit predictive model of environment dy-
namics and using it for planning or policy optimization. By enabling
agents to perform imagined rollouts within the learned model,
MBRL can substantially improve sample efficiency, trading expen-
sive real-environment interactions for comparatively cheap model-
based simulations. Early work demonstrated that learning latent
dynamics from high-dimensional observations can enable control
directly from pixels [24]. Recent MBRL methods learn compact la-
tent world models and perform planning or imagination-based pol-
icy learning in the latent space, e.g., PlaNet [7] and Dreamer [6, 8, 9]
. Complementary lines of work study how to leverage learned mod-
els efficiently for policy improvement, including uncertainty-aware
planning (e.g., PETS [3]) and limiting model rollout horizons to
mitigate compounding error (e.g., MBPO [11]). Large-scale results
further show that planning with learned models can drive strong
performance in complex domains, such as MuZero in Atari and
board games [20]. Related to our attention-based design, Zhao et al.
introduce a planning agent with a set-based representation and an
attention bottleneck to promote generalization across environment
variations [26]. Like their work, we employ attention to support
transferable representations across diverse environments. However,
while their approach relies on object-centric set encodings, our
AC-AWM operates directly on raw spatial patches with early action
fusion, enabling action-driven dynamics learning without explicit
object extraction.

While these methods advance model learning and model uti-
lization, they typically assume a fixed data-collection regime (e.g.,
interaction in a given simulator or a fixed task suite) and do not
directly address how to design a curriculum of environments that
can accelerate world model learning and support the accumulation
of reusable dynamics knowledge in a single continually trained
model across a sequence of training environments.
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2.2 Curriculum Learning and Unsupervised
Environment Design

Curriculum learning (CL) strategies organize training experiences
from simple to complex to accelerate convergence and improve
generalization [1]. As detailed in comprehensive surveys [15, 17],
the application of CL to reinforcement learning has evolved distinc-
tively. Early approaches primarily relied on hand-crafted curricula,
where task sequences or difficulty schedules were manually de-
fined based on human domain expertise [25]. While effective in
controlled settings, such manually defined curricula are inherently
limited in scalability, as they require extensive domain knowledge
and do not adapt to the agent’s evolving competence.

To overcome the scalability limits of manual design, research
shifted toward Automatic Curriculum Learning (ACL), where the
learning process itself dictates the progression of tasks. Representa-
tive methods include reverse curriculum generation, which adapts
the start-state distribution based on the agent’s current compe-
tence [5]. Most recently, this paradigm has expanded into Unsuper-
vised Environment Design (UED), which formalizes the curriculum
not just as a selection of tasks, but as a generative process over
the environment’s structure and physics. Unlike standard domain
randomization, open-ended approaches such as POET [23] and
PAIRED [4]co-evolve environments alongside the agent, providing
a principled framework for exposing under-trained behaviors.

Crucially, such curriculum generation and UED methods are
primarily designed to improve policy learning, typically in model-
free reinforcement learning settings.

In contrast, our work focuses on how curriculum learning can
be leveraged to efficiently train a generalized world model. We
propose a model-driven curriculum mechanism that shapes the
training data distribution through environment generation, explic-
itly targeting underrepresented state—action-state transitions to
accelerate robust dynamics acquisition. To enable effective knowl-
edge transfer across diverse environment structures, we further
design a transferable agent-centric world model architecture that
supports cross-environment generalization.

3 PRELIMINARIES

We consider a model-based reinforcement learning setting for-
mulated as a fully observable Markov Decision Process (MDP)
M = (S, A,P,R,y). We assume the reward function R is known
and focus on learning a parametric world model fy to approxi-
mate the transition dynamics P(sy41(ss, a;). The model is trained
via supervised learning on transition data D = {(s;, a;, s¢+1)} to
minimize the prediction error:

Lwn(60) =Ep [llseer = $all3] - 1)

3.1 Egocentric Residual World Model

To enable generalization across structurally distinct environments,
we incorporate structural inductive biases that decouple local in-
teraction rules from global layout variations. We propose an Ego-
centric Residual formulation (Fig. 2) that we will define using our
MiniGrid domain as an illustrative example (Fig. 3):

Local Observation (®). Instead of processing the full global state
s¢, we define a masking operator ® : & — 8j,. to extract an
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Figure 2: Architecture of the Agent-Centric Attentive World
Model (AC-AWM). The masked agent-centered state is en-
coded by convolutional layers, combined with an action em-
bedding, and processed by a Transformer encoder to predict
residual dynamics.

agent-centered local observation o; = ®(s;). The local observation
must be sufficient to predict the consequences of the actions, as
expressed by the residual dynamics. In the context of MiniGrid, we
implemented the observation function by extracting a local window
(e.g., 7 X 7) around the agent’s current position. The local window
ensures that the model input captures relevant local objects (walls,
keys, doors) while remaining invariant to the agent’s absolute coor-
dinates in the global map. The effects of the actions never depend
on objects outside of this local window. In this work we defined
the observation function manually, but we envision that it can also
be learned.

Residual Dynamics. The model predicts the incremental change
in state rather than the absolute next state [14]:

Stx1 =8¢ + fo(or, ar). (2)

This residual formulation biases the model toward learning local
physical rules. For example, in MiniGrid, when the agent executes
a “move forward” action, the model does not predict an entirely
new global grid. Instead, it predicts local changes: the current cell
transitions from agent to empty, while the forward cell transitions
from empty to agent. These localized updates are then added to
the global state via the residual mechanism, enabling the learned
interaction rules to generalize across different layouts.

3.2 Model-Driven Curriculum Learning

We employ a feedback-driven curriculum to structure the training
process. Our approach dynamically adapts the task distribution
p(7) based on the world model’s validation performance, rather
than follow a fixed progression. Specifically, the generator con-
structs environments that induce high prediction error (high epis-
temic uncertainty) in fp. This active selection mechanism focuses
training resources on the model’s current weaknesses, ensuring
efficient coverage of the dynamics space.

4 METHODOLOGY
4.1 Agent-Centric Attentive World Model

Figure 2 provides an overview of the proposed Agent-Centric Atten-
tive World Model (AC-AWM). The model extracts a masked agent-
centered observation, encodes it through convolutional layers, fuses
action information via a Transformer encoder, and predicts residual
dynamics that are integrated into the global state.
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Figure 3: AC-AWM Architecture illustrated on a MiniGrid
example. Left: Extraction of egocentric observation o; from
global state s;. Right: Residual dynamics integration, where
a predicted local residual is added to s; to yield $;.;.

As described in Section 3, we parameterize an egocentric residual
transition model fp(o;, a;) using this attention-based architecture.
We assume that the global state admits a tensor representation
s; € REXWXe swhere H and W denote the spatial dimensions of
the full environment, and ¢ denotes the feature channel dimension,
encoding attributes such as object type, color, or object status (e.g.,
closed or opened doors).

To introduce an inductive bias of action locality, we define a
masking operator ¢ : S — Sjoc, Which extracts a local agent-
centered window from the global state. The resulting observation
is 0; = ¢(sy), with 0, € R"™"*¢ where h and w denote the spatial
dimensions of the local window.

Tokenization. The masked observation o, serves as the input to
the dynamics model. The input is processed by convolutional layers,
producing feature maps F; € R" X" %4 where b’ and w’ denote the
spatial dimensions after convolutional downsampling. The spatial
map is reshaped into N = h’w’ tokens:

X; € RN¥4,
Learnable positional encodings P € RN*? are added:
Xl’ = Xl’ +P.

Action-Conditioned Transformer. The action a; is embedded as
e; € R? and appended as an additional token:

X, = [er Xs].
The sequence is processed by a Transformer encoder [22]:
Z; = Transformer(X;).

The output corresponding to the action token serves as latent state
d
Zr € RE.

Residual Prediction. Following the residual dynamics formula-
tion introduced in Section 3, the multilayer perceptron predicts a
residual tensor

fg(zt) e RHXWXC,
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Algorithm 1: MAC: Model-driven Adversarial Curriculum

Input: Initial World Model 6y, Editor T4, Encoder f,,
Generator Gy,se, Buffer 8
Output: Robust World Model 6*

Initialize Fisher Info F and Old Params

1 Initialize 6, ¢, w;
Botd < 0o;

2 for iterationt =1,...,T do

// Phase 1: Structured Adversarial Generation

3 Generate {pase,i} < Gbases

4 foreach configuration ¢ € {Ypge;} do

5 ¢ fo(¥, E-1);

6 ac ~ 1y (- | ,0);

7 V' < T ae);

8 Collect trajectory 7 in ¥/’ with random policy;
9 if ' is Valid then

10 Deurr «— Deurr U {7};

1 r AerrLWM(ﬂ 9) + AvalRval + AdivRdiv;
12 end

13 else

14 ‘ r «— —Pril;

15 end

16 end

// Phase 2: Update Generator and World Model
17 Update ¢, » using PPO;

18 Dhirain < Deurr U Sample(B);

19 Update 6 using EWC loss;

20 Update B < B U Dcyrr;

// Curriculum-level convergence

a | f L8 - £-V] < e then

22 ‘ break;
23 end
24 end

which is non-zero only over the masked local region defined by
¢(s¢) and zero elsewhere. The next-state prediction is obtained via
residual update:

Ste1 =S¢ + fo(zy).

Training. The model is trained using supervised one-step resid-
ual prediction. Given transition tuples (s;, a, s;+1), we compute the
ground-truth residual

*
Ty = St+1 — St»

and minimize

Lwn(0) =E[lIfa(z) - ri112] -

4.2 Model-driven Adversarial Curriculum

We build upon the hierarchical formulation introduced in Unsuper-
vised Environment Design (UED) [4], which models environment
generation as a Configuration MDP coupled with an agent-level
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Figure 4: Model-driven adversarial curriculum framework.
The editor modifies an initial configuration y,,5. to maximize
world model prediction error while maintaining task validity.

Environment MDP. Unlike UED, which optimizes environment gen-
eration to improve policy robustness, we adapt this hierarchical
structure for world model learning. Specifically, the editor is driven
by world model prediction error rather than policy regret, enabling
targeted exposure to underrepresented dynamics. The overall work-
flow is summarized in Algorithm 1. We propose a model-driven
curriculum framework for world model learning as shown in fig-
ure 4. The framework treats environment design as a hierarchical
process involving two distinct processes: an Environment MDP
Meny (), where an agent interacts with states s € S to generate
transitions, and a Configuration MDP M_gir, where an adversar-
ial editor modifies the parameterization ¢y € ¥ based on model
performance. The overall workflow is summarized in Algorithm 1.

4.2.1  Procedural Generation of Minimal Environments. The cur-
riculum begins with an initial configuration a5 sampled from a
procedural content generator (PCG). This minimal structural con-
figuration defines the underlying spatial or physical layout of the
environment before task-specific elements are introduced. Such
initialization ensures that environments start from a structurally
valid region of the configuration space ¥, upon which adversarial
modifications are subsequently applied by the editor.

4.2.2  Adversarial Editor MDP. The editing process is formulated as
a Configuration MDP (S,, A, Pe, Re) that refines the initial struc-
tural configuration to maximize world model learning progress.

Observation and Action Space. The editor state s, is an augmented
observation combining structural configuration and epistemic feed-
back. It consists of the current configuration M € ¥ and a latent
context c. The context c is produced by a history encoder f,,(M, &)
that aggregates previous prediction errors & to identify under-
modeled dynamics. The editor policy is defined as 74(a. | M,c).
The history embedding represents the prediction error pattern from
the previous curriculum iteration. It does not encode full trajectory
history and no recurrent hidden state is maintained.

Unlike incremental editing schemes, the editor produces a struc-
tured action a, in a single decision step, which specifies a complete
modification of the base configuration. To ensure controlled mod-
ifications, we impose a fixed edit ratio p, meaning that at most a
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fraction p of the editable grid cells can be modified. The resulting
environment is obtained by applying this structured action to the
base configuration:

lﬁ/ = F(M’ ae)s

where I' denotes a deterministic application operator. The editor
action a, parameterizes incremental modifications to a base environ-
ment configuration, rather than specifying a complete environment
from scratch.

In our MiniGrid instantiation, s, consists of a base grid layout
with only empty cells and walls, and a latent error pattern encoding
per-cell prediction errors from the previous curriculum iteration.
The editor action a, is a structured modification matrix, where each
cell specifies a local change (e.g., inserting a colored key, door, lava,
or no-op), which is applied to the base layout to generate .

Curriculum-Level Convergence. Since editing is performed in a
single structured update, termination is not defined over intermedi-
ate editing steps but at the curriculum level. We stop curriculum ex-
pansion when newly generated and edited environments no longer
induce meaningful changes in the world model feedback signal. Let
¥/ denote the edited environment generated at iteration ¢, and let
Eval(y/;, 0) be a scalar feedback signal (e.g., prediction loss) com-
puted from trajectories collected in ;. We declare convergence
when:

[Eval(y;, 0) — Eval(y;_;,0)| < e.

This indicates saturation of learning progress: the generated tasks
are no longer producing substantial new error patterns, suggesting
that the world model has largely captured the dominant dynamics
exposed by the curriculum.

4.2.3  Curriculum Reward Formulation. To assess a generated con-
figuration ', we define a terminal reward R(i)’) based on the
dynamics induced by the configuration. While the overall struc-
ture follows prior generative curriculum frameworks that evaluate
environments at the trajectory level, our reward formulation is
explicitly driven by world model prediction behavior rather than
policy regret or task difficulty. We define the reward on a trajectory
rather than on individual editor actions because the world model’s
learning progress is an emergent property of the environment’s
global dynamics.

Trajectory Evaluation. We evaluate i/’ by collecting a trajectory
7 of horizon H sampled from M., (¢") using a random exploration

policy 7rand:
T= {(St)at, St+1) | So ~ ,lio(l//'),at ~ Trands St+1 ~ 7’(‘///)}51:61~ (3)

We use random exploration for trajectory collection. As our goal is
dynamics modeling rather than policy learning, training an explo-
ration policy would add unnecessary computational cost.

Reward Components. The total reward is a weighted sum of three
complementary terms:

R(l//) = AerrRerror ( T) + Avalealidity (l//) + Adideiversity (w, ) . (4)

Adversarial Error Reward. The term Reor encourages config-
urations that expose under-modeled dynamics. It is defined as the
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Mean Squared Error (MSE) of the world model:
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Higher prediction error indicates regions where the world model
lacks accuracy, guiding the generator toward challenging structural
regimes.

Validity Reward. The term Rygjidity ensures that generated en-
vironments permit sufficient state-space traversal. Unsolvable con-
figurations may confine the agent to restricted regions, limiting
exposure to critical dynamics near structural bottlenecks or goal-
related areas. By enforcing solvability (e.g., via a BFS-based solver),
we promote broader transition coverage and improve data efficiency
for world model learning.

Diversity Reward. To prevent curriculum collapse, Rjiversity
rewards structurally novel configurations in a learned embedding
space. We first obtain a representation zy, = fiarget (/) using the fixed
target network of Random Network Distillation (RND [2]). Novelty
is then measured as the k-nearest neighbor (k-NN) distance between
zy and previously generated configurations stored in an archive.
Configurations that are far from existing embeddings receive higher
diversity reward, encouraging exploration of distinct environment
configurations.

4.2.4 World Model Optimization. As the editor shifts the envi-
ronment distribution, the world model 6 must adapt without cata-

strophic forgetting. We employ Elastic Weight Consolidation (EWC [12])

to stabilize this non-stationary learning process. The total loss for
0 is:

ACWC
5 D R0 = baa” )

Ltotal(e) = LWM(Dtraim 9) +

where F is the Fisher Information Matrix and 0,14 represents the
parameters from the previous curriculum iteration.

4.2.5 Implementation Details in Gridworlds. We instantiate this
framework in the MiniGrid domain, where ¥ represents H X W
grids. Epistemic feedback & is implemented as a spatial heatmap of
prediction errors processed by a CNN history encoder.

Editor actions a. consist of cell-type toggling atop the initial
PCG scaffold. Feasibility is verified via BFS, and unsolvable con-
figurations are penalized by Pp,;, while solvable tasks receive a
complexity bonus proportional to the shortest path length L.

5 EXPERIMENTS

5.1 Minigrid Environment and Implementation
Details

We evaluate our framework on the MiniGrid domain, a grid-world
environment that challenges agents with fully observable navi-
gation and object interaction tasks. The environment consists of
various objects including walls, doors, keys, and hazards (lava),
where the agent receives a compact vector observation encoding
object types, colors, and states. Note that for this study, we focus
on the prediction of immediate physical interactions and diverse
object dynamics rather than long-horizon sequential dependen-
cies. Therefore, we exclude the “locked door” mechanic—which
necessitates recurrent memory for inventory tracking—and instead
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Figure 5: MAC-generated minitasks from early training iter-
ations to later stages.
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Figure 6: Target Tasks used for evaluation.

prioritize maximizing the combinatorial diversity of layouts and
element interactions. Despite this modification, due to its combina-
torial complexity and sparse rewards, this setup serves as an ideal
testbed for evaluating the predictive dynamics modeling capabili-
ties of world models. For this paper, experiments are conducted in a
deterministic version of the environment. Extending the framework
to stochastic dynamics is left for future work.

5.1.1 Minitask Design. To bootstrap the learning process, our gen-
erator creates “minitasks” on a restricted 8 X 8 canvas. These mini-
tasks are procedurally initialized and then adversarially edited to
serve as “atomic” learning units. The small scale allows for dense
feedback and rapid iteration, while still capturing the fundamental
physics of the larger domain, as illustrated in Fig. 5.

Validation & Target Task Set. To explicitly evaluate the out-of-
distribution (OOD) and zero-shot generalization capability of the
learned world model, we construct a fixed set of 15 challenging Tar-
get Tasks (Fig. 6) that are never encountered during training. These
tasks exhibit complex layouts and specific mechanical interactions
(e.g., reaching a goal behind multiple closed doors), which are un-
likely to be fully covered by random exploration or curriculum-
generated minitasks.

In addition, to provide a ground-truth reference for evaluation,
we collect a Uniform Exploration Dataset from these target envi-
ronments, ensuring broad coverage of the underlying state space
for baseline comparison.
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5.1.2  Model Configurations. The World Model is a AC-AWM model
implemented as an attention-based dynamics model that predicts
future states. It employs a local attention mechanism with a 3 x 3
mask to capture spatial dependencies within the 8 X 8 grid. The
model uses an embedding dimension of 256 with a single attention
head for computational efficiency. To mitigate catastrophic forget-
ting during curriculum learning, we incorporate a Fisher-weighted
replay buffer with a capacity of 500,000 transitions.

The Editor Agent is a PPO-based policy with a global context di-
mension of 64 and a history embedding dimension of 16. It operates
on batches of 6 minitasks per iteration.

5.1.3  Weighted Loss Optimization. To address the severe class im-
balance between static background transitions and sparse object
interactions, we employ an interaction-aware weighted loss mech-
anism. Specifically, we assign significantly higher weights to pixels
exhibiting state changes (w = 100) or agent-object interactions,
compared to static background regions (w = 1). This weighting is
critical for validating the effectiveness of our curriculum: without
it, the accuracy improvements on complex interactions generated
by the curriculum would be masked by the vast dominance of static
background data, making it impossible to distinguish a robust world
model from a trivial baseline.

5.1.4  Reproducibility. The code will be released upon acceptance.!
All experiments are conducted with 5 independent random seeds.
We report the mean performance across seeds for all quantitative
results. All methods are evaluated under identical random seed
protocols and fixed data budgets for fair comparison.

5.2 Experiment I: Zero-Shot Generalization &
Effectiveness

Experimental Question: The experiments in this section evaluate
the effectiveness of MAC in improving the world model’s accuracy
in simulating the domain dynamics, and whether training a trans-
ferable world model by MAC can achieve better or more robust
performance when transferred to novel environments. To study
these questions, we implemented experiments on MiniGrid shown
in Figure 5.

5.2.1 Experimental Setup.

Baselines. We compare our proposed Model-driven Adversar-
ial Curriculum(MAC) framework against two distinct baselines
representing different training paradigms:

Target Direct Learning (Baseline) In this setting, the World
Model is trained directly on the Target Tasks sequence using
a random exploration policy. We maintain the same total
data volume and continual learning mechanism (Fisher Re-
play Buffer) as the curriculum method to ensure a fair com-
parison. This baseline investigates whether learning from
adaptively generated minitasks yields better generalization
than attempting to learn directly from the complex target
environments, where unguided random exploration often
fails to cover diverse or critical state transitions efficiently.

! The repository is anonymized for double-blind review and will be made publicly
available after publication.
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Generalization Performance Comparison
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Figure 7: Zero-shot generalization performance (validation
MSE on held-out Target Tasks) for MAC, Domain Random-
ization (DR), and direct training on Target Tasks (Baseline).

The final performance is evaluated on the separate Uniform
Exploration Dataset to verify the true learning effect.
Random Generator (Domain Randomization) Instead of an

adversarial editor, we use a random agent that performs sto-
chastic edits on the minitasks subject to the same budget
constraint, p = 0.5. This baseline (Domain Randomization)
evaluates the contribution of the curriculum itself, verifying
that the performance gains stem from the adversarial target-
ing of weaknesses rather than mere data augmentation.

5.2.2  Results and Analysis. In this section, we evaluate the per-
formance of our proposed Model-driven Adversarial Curriculum
(MAC) against two baselines: (i) Domain Randomization (DR) (Ran-
dom Generator) and (ii) a Baseline that trains the World Model
directly on the Target Tasks via using a fixed, uniformly random
exploration policy (Target Direct Learning). Our primary objective
is to assess the ability of the learned World Model to generalize
zero-shot to unseen, complex target tasks after being trained on
curriculum-generated minitasks.

Generalization Performance. We measure generalization by the
validation Mean Squared Error (MSE) on the held-out Target Task
Set (Fig. 6), which is never used for training. Throughout, we use
the same interaction-aware weighted prediction loss for both train-
ing and reporting validation curves, so that errors on sparse but
crucial agent—object interactions are not dominated by static back-
ground pixels. Figure 7 compares the validation loss curves across
training transitions. MAC converges substantially faster than both
baselines, indicating that the adversarial editor consistently iden-
tifies critical learning samples—maps that lie near the frontier of
the current World Model’s predictive capability. DR can eventually
reach a comparable validation loss, but requires substantially more
transitions to do so, highlighting MAC’s superior sample efficiency.
This also suggests that, at the current MiniGrid difficulty, random
generation can still traverse a large portion of the key dynamics
given sufficient data.
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Generalization Gap: Training Complexity vs Test Performance
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Figure 8: Training dynamics decomposition comparing MAC
and Domain Randomization (DR).

In contrast, the Target Direct Learning Baseline is consistently
the least sample-efficient under a fixed data budget: because it must
collect training data directly in the complex target environments, a
random exploration policy covers interaction-critical transitions
very slowly, yielding poor learning progress when compared to
MAC.

Analysis of Training Dynamics: Generalization Gap. To under-
stand why MAC outperforms DR despite both producing “random-
looking” maps, we analyze the training dynamics through the lens
of the Generalization Gap (Fig. 8). In this panel, the dashed curves
report the raining Complexity (loss on newly generated tasks),
while the solid curves report the Generalization (validation loss on
the fixed Target Task Set).

MAC (blue) exhibits a superior curriculum pattern. In the early
phase (transitions < 20k), the Training Complexity stays above the
validation curve, indicating that MAC actively generates tasks that
are harder than the current target distribution to accelerate learning.
Even later, as the World Model improves and becomes difficult
to “adversarialize,” MAC prevents the generator from degrading
to trivial tasks. Instead, it maintains the generated-task difficulty
on par with the target validation level. This alignment is visually
confirmed by the minimal blue generalization gap (shaded area),
showing that the generated challenges remain highly relevant to
the target domain.

In stark contrast, DR (red) ceases to generate tasks harder than
the target distribution as early as 15k transitions, where its com-
plexity curve dives significantly below the validation curve. This
premature drop demonstrates the ineffectiveness of random gener-
ation: it fails to track the model’s growing capabilities, creating an
expansive generalization gap (red shaded region). While MAC sus-
tains relevant challenges, DR allows the model to overfit to simple
tasks without mastering the actual target dynamics.

Key finding. Overall, MAC is not merely a “harder” training
regime, but a more targeted one: by focusing on epistemic weak-
nesses rather than superficial variability, it distinguishes learnable
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structure from uninformative noise and yields substantially im-
proved zero-shot generalization. We note, however, that MiniGrid
may still be relatively simple, so performance gaps can become
less pronounced in the high-data regime where random generation
can eventually cover many key interactions. In the future work,
we will evaluate MAC on more complex domains to further stress-
test curriculum-driven world model learning, including 3D and
stochastic ones.

5.3 Experiment II: Ablation Study

Experimental Question: To evaluate the contribution of each
core component in the Full MAC framework, we conduct a series
of ablation experiments focusing on zero-shot generalization.

5.3.1 Ablation Setup. We compare the Full MAC method against
two key variants to isolate the effects of history and diversity:

e Full MAC (Ours): The complete configuration where the
generator policy 74(a. | M, c) is conditioned on both the
current configuration M and an epistemic feedback embed-
ding ¢ = f,,(M, &), which encodes aggregated world model
prediction errors. The generator is optimized using the full
curriculum reward including adversarial error, validity, and
diversity terms.

e w/o History (Green): A conditioning-level ablation where
the epistemic feedback encoder f;, is removed. The generator
policy is conditioned solely on the current configuration M,
without access to historical prediction error information.
The reward formulation remains unchanged.

e w/o Diversity (Orange): An objective-level ablation where
the diversity reward term Ryjiversity is removed from the gen-
erator objective. The conditioning structure, including the
epistemic feedback embedding, remains identical to the Full
MAC configuration.

All variants are evaluated using the Zero-shot Validation Loss,
ensuring a fair comparison under identical hyperparameter settings.

5.3.2  Results and Analysis. Figure 9 reports zero-shot generaliza-
tion performance across ablations. The Full MAC configuration
(blue) consistently achieves the lowest validation loss throughout
training. Although the w/o History variant (green) performs compa-
rably during early iterations, Full MAC begins to diverge slightly
after iteration 15 and maintains a modest advantage until conver-
gence. This suggests that epistemic feedback conditioning is not
essential for bootstrapping early dynamics learning, but contributes
to incremental refinement of the curriculum in later stages.

The w/o History variant eventually plateaus at a slightly higher
validation loss. Without the epistemic feedback embedding ¢ =
f(M, E), the generator does not explicitly condition on aggre-
gated prediction error patterns. In the current MiniGrid setting,
this results in a modest but consistent performance gap relative to
the full configuration, indicating that history provides additional
refinement benefits, though its contribution remains moderate at
this level of domain complexity.

In contrast, the w/o Diversity variant (orange) performs strictly
worse than the other configurations. Removing the diversity reward
Rdiversity reduces structural coverage in the configuration space,
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Figure 9: Ablation study on MiniGrid. We report held-out
validation MSE (zero-shot generalization) for different MAC
variants. Full MAC consistently achieves the lowest valida-
tion loss throughout training.

causing the generator to repeatedly exploit similar adversarial pat-
terns. This limits exposure to heterogeneous transition regimes and
leads to higher validation error and increased instability.

Overall, Full MAC achieves the most robust trade-off. Epistemic
feedback conditioning enables targeted frontier tracking, while the
diversity objective ensures broad structural exploration. The com-
bination of these two mechanisms is necessary to avoid both undi-
rected curriculum stagnation and structural over-specialization.

6 CONCLUSION

In this paper, we proposed Model-driven Adversarial Curriculum
(MAC), a closed-loop framework that actively generates training
environments to accelerate world model learning. By coupling pro-
cedural generation with an adversarial editor guided by epistemic
feedback, MAC targets underrepresented and poorly predicted tran-
sitions and enables a single continually trained world model to
accumulate reusable dynamics knowledge. We further introduced
an Agent-Centric Attentive World Model (AC-AWM) that improves
transfer by learning action-conditioned, agent-centric dynamics
representations.

The initial empirical results on MiniGrid demonstrate that MAC
improves predictive accuracy and robustness, and yields world mod-
els that generalize better to unseen target environments than direct
training on target tasks and random environment generation. In
particular, MAC achieves these gains with markedly higher sample
efficiency, whereas random generation can require substantially
more transitions to reach comparable performance.

A limitation of our current evaluation is that it focuses on a
relatively simple grid-world domain, where random generation may
eventually cover many key interactions in the high-data regime. In
future work, we will broaden the scope of MAC beyond maze-like
environments by (i) extending the environment editor and world
model to richer, partially observable settings such as Crafter, and
(ii) applying MAC to continuous-control robotics benchmarks such
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as MetaWorld to assess scalability and generality. These directions
will clarify how model-driven curricula can support generalized
world models in more complex visual and robotic environments.
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