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Abstract

Generative models have achieved remarkable progress across domains such as vision and
language. However, their application to sequential decision-making and planning remains
challenging. In reinforcement learning and robotics, agents must handle task hierarchies,
long-horizon dependencies, adapt to harder unseen tasks and environments, and, especially
in multi-agent settings, respond to adversarial or evolving opponents. Despite progress in
behavioral cloning and offline policy learning, existing approaches often struggle to gener-
alize beyond the train distribution or to learn robust, interactive behaviors in competitive
games. These limitations restrict current systems to narrow tasks with short temporal
horizons, or deterministic settings. For instance, behavioral planners trained on single-
goal environments struggle scaling to multi-task missions requiring subgoal discovery and
adaptive reasoning, as there is no straightforward mechanism for iterative test-time adap-
tation to these unseen tasks. Similarly, in multi-agent reinforcement learning, standard
policy optimization often yields unimodal, brittle strategies that overfit to specific oppo-
nents and fail to converge to a Nash equilibrium in continuous state-action games. This
thesis explores challenges and opportunities in using generative models for planning and
decision-making tasks, specifically energy-based and diffusion-based models which serve
as both representations and solvers for planning and policy learning. In the single-agent
setting, we introduce GenPlan, a discrete-flow planner that reframes planning as iterative
denoising over trajectories using an energy-guided diffusion process. This formulation en-
ables task and goal discovery, and adaptation to unseen environments. In the multi-agent
setting, we propose DiffFP, a diffusion policy gradient method within the fictitious play
framework. By approximating best responses through diffusion models, DiffFP captures
multimodal strategies, improves sample efficiency, and remains robust to evolving oppo-
nents in dynamic, continuous state-action games. Our empirical studies show that GenPlan
outperforms baselines by over 10% on adaptive planning tasks, generalizing from single-task
demonstrations to complex, compositional multi-task missions. Likewise, DiffFP achieves
up to 3× faster convergence and 30× higher success rates compared to other baseline
reinforcement learning algorithms in multi-agent benchmarks. These results demonstrate
the potential of generative modeling not only for representation learning, but as a unified
substrate for planning, learning, and decision-making across settings.
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Chapter 1

Introduction

Generative models have emerged as powerful tools across vision and language domains,
achieving state-of-the-art performance in several tasks. Image and video generation has
seen significant advances through diffusion and transformer-based models that can syn-
thesize realistic scenes and coherent dynamics from text or visual prompts [38, 16, 9]. In
world modeling, generative models enable the simulation and control of comprehensive 3D
environments with dynamics and interaction, supporting tasks such as future prediction,
scene completion, and agent-based simulation [21, 9]. For text generation and composition,
large language models demonstrate strong zero-shot and in-context learning capabilities
across a range of natural language tasks [27]. With sufficient data and modeling capacity,
these generative systems produce coherent, high-fidelity outputs that rival human-level
performance on many benchmarks. However, achieving similar success in robotics and
sequential decision-making is considerably more challenging.

• Task Specification: Unlike language or vision, task goals in Reinforcement Learn-
ing (RL) and robotics are often implicit, multimodal, or must be inferred from sparse,
delayed feedback, making direct conditioning difficult.

• Long-Horizon Consistency: Planning over extended time horizons requires co-
herence across multi-step sequences and the ability to reason and re-plan in response
to harder tasks and failures. Existing methods typically rely on an oracle to provide
subgoal sequences, task-hierarchy decompositions, and demonstration data.

• Generalization: A fundamental challenge in Behavior Cloning (BC) [66, 41] is the
covariate shift between training and deployment. Since the model learns to mimic

1



Goal Unblocking Open Door

"Pick up the obstacle and
GoTo goal 1"

"Open the Door"

"Pick up the obstacle
blocking the way"

"GoTo goal 2"

Train Demonstration

Test - Adapt to multiple goals
1. 2.

4.3.

Test:  Sub-Tasks(1-4)

Remove Obstacle

GoTo Goal 2

"GoTo Purple Ball"

"GoTo Red Key and Blue Key"

Figure 1.1: Multi-Task Mission
Adaptation. Adaptive planners
should be capable of leveraging sim-
ple task demonstrations and scal-
ing to: 1) recognizing and execut-
ing implicit subtasks (1 → 4) in
long-horizon missions, 2) generaliz-
ing to tasks involving multiple goals,
and 3) adaptively learning new skills
(e.g., unblocking pathways). Goals
are highlighted in yellow, while dis-
tractors are marked in red.

expert actions only at states seen in the demonstrations, it struggles to recover from
off-distribution errors, often compounding small mistakes into failure.

• Procedural Reasoning: In multi-agent or competitive settings, agents must rea-
son about and respond to diverse, possibly adversarial opponents. Success requires
modeling not just task completion, but interactive and adaptive behavior.

Despite these challenges, generative modeling provides a compelling foundation for ad-
dressing them. As flexible parametric models, generative models are well-suited to capture
complex, multimodal distributions over trajectories, goals, or strategies. When combined
with RL, sampling, and optimization-based inference, they enable scalable decision-making
under uncertainty. Moreover, in self-play settings, generative models can learn adaptive
behaviors through interaction, offering a recipe for robustness and generalization in both
single-agent and multi-agent environments. This thesis explores the role of generative mod-
eling in decision-making, presenting two distinct contributions unified under the theme of
planning and decision-making through generative models. These contributions are formal-
ized as two core problems: planning via iterative denoising (problem 1) and multi-agent
decision-making via minmax objective in dynamic games (problem 2). We build upon
these problem formulations in Chapters 3 and 4, respectively.

2



1.1 Learning for Planning

To enable generalizable planning, we require agents that can adapt to novel tasks and
environments beyond those encountered during training, as seen in Figure 1.1. This is
crucial for operating in complex environments that may introduce distractors (i.e., objects
the agent has not seen before) and have multiple novel goals.

Example 1 Consider a task where an agent is initially trained on a simple single-goal-
reaching task in a planar environment. During evaluation, the agent must adapt to complex
environments with walls, locked doors, and multiple goals, as illustrated in Figure 1.1.
The planner must generate multi-step trajectories, exploring to locate goals while avoiding
getting stuck, unblocking paths, and navigating around walls to complete the mission.

Learning adaptive behaviors from demonstrations is challenging and often requires a well-
labelled and diverse dataset that accurately represents the necessary tasks. This is much
harder for long-horizon tasks, where the correct order of subtasks is critical (e.g., collecting
a key before unlocking a door).

Reinforcement learning via Supervised learning (RvS) [19] simplifies traditional RL by
using a BC objective and framing RL as sequence modeling, where actions are sequentially
predicted based on next best action. However, this approach often struggles in order-
critical multi-task missions, as generated plans can suffer from locally optimal decisions,
resulting in global dead-ends, or accumulate errors without accounting for mistakes in
previous actions [51].

Thus, we explore the use of abstracted sequence planners [53], which model trajectories
as categorical distributions. This formulation is better suited for capturing multimodal task
structures, as it enables clustering of distinct behavioral modes and yields interpretable
predictions over subtask orderings. More recently, generative modeling-based works allow
conditional sequence-level predictions [41, 13]. However, based on our results evaluating
energy models and diffusion methods with various objectives (e.g., BC) and sampling
techniques, such as the cross-entropy method, Gibbs sampling, and energy gradient-based
guidance, these approaches fail on multi-step planning (see Section 3.4.1). They often get
stuck in local optima when handling unseen cases, as they lack distributional fidelity and
struggle to adapt to new tasks. To address these challenges and to develop a framework
for procedural reasoning, we reframe this setting as an iterative denoising problem, which
serves as the basis for our planner GenPlan (see problem 1).

3



1.2 Learning for Multi-Agent Systems

Within game-theoretic frameworks, Multi-Agent Reinforcement Learning (MARL) has
achieved remarkable success in domains such as Go, Atari, Chess, Shogi, and StarCraft II [73,
72, 59, 80], demonstrating the transformative impact of MARL in complex and dynamic
environments. In these systems, agents learn strategies through policy optimization tech-
niques, parameterized with deep neural networks.

A common approach to learning robust policies in interactive competitive settings is
self-play [68], where agents iteratively improve by playing against copies or past versions
of themselves. Similarly, Fictitious Play (FP) [5] is a game-theoretic algorithm for approx-
imating Nash equilibria in imperfect-information games: at each iteration, every agent
computes its best response to the empirical average of its opponents’ past actions. In
two-player zero-sum games, the resulting sequence of joint strategies converges to a Nash
equilibrium. Recent advances have extended Fictitious Self-Play (FSP) to more complex
settings, including extensive-form and Markov games [36, 26]. At each iteration, every
agent computes a best response to the empirical distribution over past strategies, and then
updates its strategy accordingly. Under certain conditions, this procedure converges to a
Nash equilibrium.

In practice, computing an exact best response in continuous and high-dimensional envi-
ronments is challenging [87]. RL-based methods are typically employed to approximate the
best responses; however, standard RL policies tend to be unimodal [86]. This unimodality
limits their ability to capture the inherent multimodality of complex tasks (e.g., left vs.
right-side overtaking in racing), often resulting in policies that overfit to recent opponent
behaviors while being easily exploitable by previously encountered opponents.

Recent work has demonstrated the power of diffusion models in capturing diverse
data distributions, with notable success in behavioral cloning, imitation learning, and
planning [38, 13, 41]. However, their application in online RL remains relatively under-
explored. While some approaches leverage diffusion models in offline settings [84, 1, 43],
integrating them into the online RL framework is challenging due to the dynamic nature
of value estimation as policies evolve and the diffusion objective cannot directly capture
these changes [86, 67, 17].

These challenges motivate the need for expressive, multimodal best-response policies
that can adapt online to evolving opponents. In this thesis, we explore how diffusion-based
generative models can serve as powerful policy classes for this purpose. To address these
challenges we formalize multi-agent decision-making as a minmax optimization problem
over joint continuous-space policies (see problem 2).

4



1.3 Thesis Contributions

To address the challenges outlined above, this thesis presents the following contributions
unified under the theme of planning and decision-making through generative models.

• From Prediction to Planning. A central question in model-based RL is: what
prediction problem should the generative model solve to enable effective planning?
Standard approaches rely on short-horizon, step-wise prediction of transitions, but
these often fail in long-horizon or sparse-reward settings where the correct behavior
spans many steps and involves implicit subgoal structure. To address this, we adopt a
sequence-level generative modeling perspective and reframe planning as an iterative
energy minimization problem. This formulation enables procedural reasoning and
facilitates task and goal discovery over extended horizons.

• Generative Planning via Discrete Diffusion. In the single-agent setting, we
develop GenPlan, a discrete diffusion-based planning framework that treats planning
as iterative denoising in trajectory space. Instead of embedding a generative model
within a traditional planner, GenPlan incorporates the planning mechanism directly
into the generative model. This approach allows both the representation and the
planning process to improve with data. By learning an energy-guided denoising
process over trajectories, GenPlan enables task and goal discovery, generalization to
novel environments, and robust recovery from suboptimal or partial plans. These
capabilities are particularly important in long-horizon, compositional tasks.

• Diffusion as Best Response in Multi-Agent Games. In competitive multi-
agent settings, policy learning becomes a moving-target problem, where each agent
must adapt to the evolving strategies of others. Classical self-play algorithms iter-
atively improve by computing best responses, but in practice these instantiations
struggle in continuous state-action spaces due to the unimodality and poor sample
efficiency of standard policy classes. We propose DiffFP, a diffusion policy gradient
method that computes best responses via generative modeling. By training a diffu-
sion model to represent the best response in continuous action space, and updating
the opponent model online, DiffFP achieves fast convergence to approximate Nash
equilibria, multimodal strategy discovery, and robustness to opponent shifts.

Outlook. Our results suggest that integrating planning directly into generative models,
rather than using them merely as components can unlock improved adaptability, expressiv-
ity, and convergence in decision-making. This viewpoint opens several exciting directions:
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planning in abstract state and time representations, combining learned dynamics with
structured optimizers, amortized planners that allows test-time flexibility, and eventually,
foundation models for control that generalize across tasks and domains.

1.4 Thesis Outline

The remainder of this thesis is organized as follows: Chapter 2 reviews related literature on
learning-based planning through sequence models and multi-agent frameworks designed to
address decision-making in dynamic environments. Chapter 3 formulates the long-horizon
planning problem as an iterative denoising objective and introduces GenPlan, a discrete
generative planner. We present the modeling framework and corresponding simulation
studies across various planning and manipulation tasks. Chapter 4 introduces the prob-
lem of multi-agent decision-making under competitive and semi-competitive (general-sum)
settings. We present DiffFP, a generative, game-theoretic framework for continuous and
dynamic games, along with empirical evaluations in multi-agent simulation environments.
Finally, Chapter 5 summarizes the key insights from both lines of work and outlines promis-
ing directions for future research at the intersection of generative modeling and sequential
decision-making.
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Chapter 2

Literature Review

We review relevant prior work across two domains: (i) planning and reasoning with se-
quence models from demonstrations, and (ii) robust decision-making in multi-agent set-
tings through fictitious play and generative modeling. While both domains aim to solve
long-horizon, adaptive decision-making problems, they differ fundamentally in learning ob-
jectives. In the planning setting, the goal is to reason and generalize from demonstrations
using offline data, often under distribution shift. In contrast, the multi-agent setup involves
optimizing minmax formulation and learning from scratch without access to expert trajec-
tories, requiring agents to discover robust, strategically sound behaviors through repeated
fictitious play.

2.1 Learning for Planning

Offline Reinforcement Learning. Recent successes in deep sequence modeling have
sparked interest in applying such models to decision-making from expert demonstrations.
Offline reinforcement learning aims to learn policies solely from previously collected tra-
jectories, without any additional environment interaction [55]. This setting is particularly
appealing in scenarios where real-world data collection is costly or unsafe. A key challenge
in this approach is the distribution shift between the training demonstrations and the
distribution at inference. Several regularization strategies have been proposed to address
this, such as reducing the discrepancy between the learned and behavioral policies [24, 49].
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However, these approaches often fail to adapt to unseen tasks and are typically limited to
single-step planning. We are interested in optimizing sequence-level plans.

More recent works [11, 42, 25] adopt an autoregressive modeling objective [29, 78],
leveraging the self-attention mechanism of sequence models. By conditioning on desired
returns or goal states, these methods guide the generation of future actions, provided such
states are encountered during training. While effective for behavior cloning tasks, these
methods fail to adapt to harder or unseen tasks, often resulting in deadlocks and com-
pounding errors. Moreover, they struggle in unconditional rollouts, lacking both guidance
and the ability to generalize to novel goals. In contrast, our approach optimizes sequence-
level action plans that leverage simple training demonstrations (e.g., single-goal tasks) to
scale to and reason about complex objectives (e.g., multi-task missions).

Planning with Sequence Models. Planning Transformer [76] introduces procedural
planning with transformers by framing planning as a model-based Reinforcement Learn-
ing (RL) problem. It employs a joint action and state representation model to mitigate
compounding errors inherent in transformer-based architectures. LEAP [10] addresses
planning as an iterative energy minimization problem, utilizing a Masked Language Model
(MLM) to learn trajectory-level energy functions. This approach employs Gibbs sampling
to mitigate error accumulation and demonstrates improved generalization to novel test
scenarios. However, LEAP’s reliance on an oracle for goal positions limits its effectiveness,
particularly in larger mazes, as shown in our simulation studies (see Table 3.1). With-
out conditional guidance, performance declines significantly. This limitation can cause the
agent to enter loops, leading to stalling actions, where it fails to make progress.

Generative Models in Planning. Deep generative models have recently demonstrated
success in offline RL. Broadly, energy-based models [31, 20] and diffusion models [41, 13]
have been applied to offline RL tasks. While diffusion-based models often require well-
represented datasets, they fail to generalize to unseen harder tasks. In contrast, energy-
based models can learn an energy landscape that helps generalize to unseen tasks; however,
they are hard to sample from, requiring long cycles of cross-entropy or Markov chain Monte
Carlo (MCMC) sampling [10], and are often unstable to train [13]. Recent work on Energy-
Diffusion [18] attempts to unify both paradigms by guiding diffusion sampling with energy
gradients. However, in planning tasks, we observed that the low-energy trajectories can
be gamed by repetitive frequent actions from the demonstrations (e.g., forward actions),
causing the model to get trapped in local minima.
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To address these challenges, we propose an energy-diffusion framework (GenPlan) ca-
pable of iteratively refining plans for unseen environments by learning annealed energy
landscapes and employing diffusion-based sampling to enable goal and task discovery.

2.2 Learning in Multi-Agent Games

In Multi-Agent Reinforcement Learning (MARL), we focus on zero-sum and general-sum
settings, where agents are often grouped into ego and adversarial teams. These environ-
ments naturally lend themselves to fictitious play training regimes, which are commonly
employed to discover robust and strategically sound policies through repeated interactions
with evolving opponents.

Adversarial Robustness. Maximum Entropy RL [32] encourages robustness by maxi-
mizing expected reward while maintaining high entropy in the policy distribution. Though
this has proven effective in standard continuous control tasks [77], it struggles in dynamic
multi-agent settings where adversarial behaviors lead to non-stationary learning targets.
To address these challenges, population-based training frameworks inspired by empirical
game theory [85] have been proposed. These maintain a pool of evolving strategies and
compute best responses, as in Policy-Space Response Oracles (PSRO) [52].

In continuous control tasks, [2] propose opponent sampling, where agents train against
past versions of opponents using various sampling strategies similar to Fictitious Play
(FP), but do not provide exploitability studies. Similarly, Adversarially Robust Control
(ARC) [50] tackles robustness in semi-competitive autonomous driving settings by training
agents against an ensemble of adversaries, while regularizing towards imitation-learned
behaviors to prevent overfitting.

More recent approaches, such as population-based diversity shaping [14], explicitly tar-
get diversity and robustness in continuous control via population-based training. However,
these methods often incur additional computational cost and remain sensitive to adversary
tuning, with diminishing returns observed as population size increases [79]. In general,
when computing best responses under a finite budget, approximate best-response oper-
ators must be truncated at each iteration, resulting in under-trained policies populating
the population. Furthermore, relearning policies from scratch at each iteration becomes
intractable and hinders scalability to larger action spaces [57]

A range of multi-agent RL approaches aim to produce policies that are less exploitable
than those obtained via standard self-play. One prominent example is Counterfactual
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Regret Minimization (CFR) [90], which has achieved superhuman performance in games
like poker [6]. However, extending CFR to continuous-action games with high-dimensional
state and action spaces remains an open challenge. In contrast, self-play continues to be
a dominant paradigm due to its scalability and empirical success across a wide range of
complex domains [74, 80].

Self-Play for Zero-Sum Games. Self-play can, in principle, converge to a Nash equilib-
rium if reinforcement learning produces a best response at each iteration [36]. In practice,
convergence is often elusive due to challenges such as non-transitivity, as in rock-paper-
scissors, where learning dynamics may enter persistent cycles [64]. Even in transitive
games, progress can stall because of local minima or the limited expressivity of the policy
architecture.

Neural Fictitious Self-Play [37] provides a general framework for multi-agent systems
through end-to-end deep reinforcement learning and has recently been extended to continuous-
action settings, where best responses are approximated using deep reinforcement learn-
ing [26]. Such extensions are particularly relevant in domains such as robotics and au-
tonomous driving, which involve continuous action spaces, partial observability, and im-
perfect information.

Inspired by Fictitious Self-Play (FSP) and its neural parametrization, we extend FP
to high-dimensional continuous-control tasks and learn robust best-response policies from
scratch via diffusion-based policy representations. These representations are capable of
capturing multimodal strategies, avoiding cyclic forgetting, and improving sample effi-
ciency. Our formulation accommodates both symmetric and asymmetric games, enabling
scalable learning with improved sample efficiency and generalization.
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Chapter 3

Planning with Discrete Diffusion

3.1 Overview

Planning in complex, long-horizon environments demands more than just Behavior Cloning
(BC), it requires procedural reasoning, goal discovery, and adaptability to new scenarios.

Contributions. In this work, we propose GenPlan [47], a generative planner that mod-
els planning as trajectory-level sequence generation, framed through the lens of energy
minimization and discrete diffusion.

• GenPlan formulates planning as iterative denoising of action trajectories using a
discrete diffusion model, enabling subgoal discovery and adaptation.

• We learn an energy function over trajectories and guide the denoising process by
minimizing this energy, improving planning quality and robustness.

• To promote generalization, GenPlan incorporates an entropy-based lower bound over
action distributions, which encourages diversity and adaptability in novel tasks.

Unlike traditional approaches that greedily select the next action, GenPlan jointly models
the distribution over states and actions with bidirectional context. This joint modeling
helps the agent avoid error accumulation, prevent local deadlocks, and generate globally
consistent plans. Furthermore, by embedding the planning process into the generative
model itself, GenPlan ensures that both representation and decision-making quality im-
prove with more data and training.
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Test Environments - Harder

(a) Adaptation to harder tasks.

Task: "GoTo Green Box and Gray Key"

Energy LowHigh

(b) Iterative refinement.

Figure 3.1: Overview. GenPlan is a generative, multi-step planner that leverages simple
demonstrations to adapt to complex tasks by learning an energy landscape and iteratively
refining trajectories with respect to this energy. Goals are highlighted in yellow, and
distractors are marked in red.

System Components. The denoising planner integrates Discrete Flow Model (DFM)
with a sequence model and is composed of two main components:

1. The denoising network pθ1|t, which is trained to reconstruct clean trajectories from

noisy samples (see Algorithm 1).

2. The transition rate matrix Rt(x
t,x′t|x1), which defines a Continuous-time Markov

chain (CTMC) governing the iterative sampling process.

Together, these components support flexible, guided planning through the sampling
procedure outlined in Algorithm 2. We also introduce several architectural and objective
design choices that enhance planner performance, discussed in subsequent sections. For
full implementation and rate matrix details, see Appendix A.5.
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3.2 Preliminaries and Problem Statement

Notations. We model discrete data as a sequence (x1, . . . , xH), where H is the horizon.
This sequence is represented by x, with each xk denoting a step in the sequence. The
superscript xt indicates the time step in the CTMC, with t ∈ [0, 1]. Each xtk ∈ X takes
a discrete value from the set X = {1, . . . , x|X|}, with |X| denoting the cardinality of this
set. This notation applies to any discrete variable, such as a state s or an action a. We
denote the dataset by D, representing a collection of demonstrations. We use C and U to
denote categorical and uniform distributions, respectively. Additionally, we utilize δ{i, j}
to represent the Kronecker delta, which equals 1 when i = j and 0 otherwise.

Reinforcement Learning

We extend the standard Markov Decision Processes (MDP) framework by incorporating a
sequence of goals G = {g1, . . . , gn} within the state space S. Formally, we consider learning
in a MDPM = ⟨S,A,P ,R⟩. The MDP tuple comprises S and A to denote the state and
action spaces, respectively, with discrete states sk ∈ S and actions ak ∈ A. The transition
function P(·|sk, ak) returns a probability distribution over the next states given a state-
action pair. The reward function R provides a binary reward rk(sk, ak, sk+1) = I{sk+1 ∈
G}. The aim is to learn a policy πθ(ak|sk) that maximizes cumulative rewards. While this
approach allows for policy optimization, it is often restricted to single-step rollouts. In
contrast, we focus on a multi-step planning framework that enables planning over a longer
horizon, avoiding locally optimal decisions that may lead to global dead-ends.

Reinforcement Learning as Sequence Modeling

Decision Transformer (DT) [11] frames Reinforcement Learning (RL) as a sequence model-
ing problem, allowing training through upside-down RL [70] in a supervised manner. Given
a dataset D = {τi | 1 ≤ i ≤ N} of near-optimal trajectories collected through demonstra-
tions, where each trajectory τi = (s1, a1, g1, . . . , sH , aH , gH) has a length H, DT aims to
train an agent πθ by minimizing the cross-entropy loss LCE(â,a) between the predicted
actions â and the true actions a in the demonstrations. Although this BC-based approach
has been successful in various robotic tasks, it lacks the ability for sequential refinement
and is prone to error accumulation. Our approach addresses these limitations by inte-
grating sequence models with an iterative denoising method for more efficient multi-step
planning.
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Discrete Flow Model

For simplicity, we assume H = 1. However, this can be extended to multidimensional data
by employing factorization assumptions, as demonstrated in [8]. Consider the probability
flow pt as marginal distribution of xt (samples in the CTMC). The objective of generative
flow models is to transform source (noise) samples p0(x

0) = pnoise(x
0) to target (data)

samples p1(x
1) = pdata(x

1). The probability that xt will jump to other states j is determined
by a rate matrix Rt ∈ R|X|×|X|. Thus, we can represent the transition probabilities for an
infinitesimal time dt :

pt+dt|t(j|xt) =

{
Rt(x

t, j)dt for j ̸= xt

1 +Rt(x
t, xt)dt for j = xt

(3.1)

= δ
{
xt, j

}
+Rt(x

t, j)dt (3.2)

where δ{i, j} equals 1 when i = j and 0 otherwise. We define a forward corruption process
(data-to-noise interpolation) as pt(x

t) = Epdata(x1)
[
pt|1(x

t|x1)
]
, with pt represented by the

conditional flow pt|1(·|x1). We consider two types of interpolants: masking-based and
uniform noise, both modeled as categorical distributions (C):

pmask
t|1 (xt | x1) = C

(
tδ
{
x1, xt

}
+ (1− t)δ

{
[M], xt

})
(3.3a)

punift|1 (xt | x1) = C
(
tδ
{
x1, xt

}
+ (1− t) 1

|X|

)
(3.3b)

Here, [M] represents a mask state [15] and 1
|X| denotes uniform prior. To simulate the

reverse flow (interpolation from noise to data), we need to determine the rate matrix R
that generates these marginals. This is expressed as ∂tpt(·) = Rt(·|·)⊤pt. Following [8], we
employ a conditional rate matrix defined as Rt(x

t|j) = Ep1|t [Rt(x
t, j|x1)]. This formulation

enables simulation of the conditional flow by sampling along a Continuous-time Markov
chain.

Learning a denoising model. The p1|t term is analytically intractable, but it can be
approximated using a neural network with parameters θ, and this model is commonly
referred to as a denoising model (pθ1|t) in literature.

Challenges. Given an offline dataset, we wish to learn a planner that allows for sampling
multi-step plans for a given task and environment. Primarily, we wish to address the
following challenges: (1) Unconditional trajectory generation (goal position not available to
the planner). (2) Even when goals are specified, goal-conditioned trajectories may provide
insufficient guidance for long-horizon tasks, especially when the goal position is far from
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C.  RolloutA.  Offline Trajectory

Instruction : "GoTo
the red ball"

Panoramic Image

emb. + pos_enc. emb. + pos_enc.

B.  Diffusion Model

High

Low

Masked Trajectory / Corrupt

FiL
M

Instr Emb.

Image Emb.

State Emb.

Instr Emb.

GenPlan

Figure 3.2: Method Overview. GenPlan, trained on offline data (A), learns to jointly
model action, goal, and state distributions. In (B), the joint denoising model (see
Section 3.3.2) takes in a corrupted trajectory τ t and predicts the clean trajectory τ 1.
(C) Demonstrates the joint inference of goals and actions by simulating the reverse CTMC,
as detailed in Algorithm 2.

the agent’s current position. (3) The agent may fail to adapt to multi-goal settings (harder)
at test time, as BC-based objectives result in memorization and are prone to accumulating
errors over a long planning horizon. (4) Need for stochasticity in the planner, as we
may encounter tasks previously unencountered (e.g., door-unlocking tasks) or unfamiliar
environments (e.g., mazes).

Problem 1 To address these challenges, we propose GenPlan (Figure 3.2), which frames
planning as an iterative denoising process. Formally, the objective is as follows:

a∗ = arg min
a1

Ea0∼p0,o∼D
[
E(pθ1|t(a

1 | a0,o))
]

(3.4)

Given a corrupted action sequence a0 sampled from a noise distribution, and a task de-
scription or environment observations o = (o1, . . . , octx) (e.g., a panoramic image), where
ctx denotes the context length, our objective is to jointly denoise the corrupted sequence
to obtain samples that closely approximate the true sequence a1. Here, E represents the
energy function (see Section 3.3.1).
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3.3 GenPlan: Method

3.3.1 Energy-Guided Denoising Model

Given demonstrations (see Section 3.2), our aim is to learn an implicit energy function for
a sequence, denoted as E(at). This energy function is designed to assign lower energy to
optimal action sequences. We define the energy as the sum of negative pseudo-likelihood
over the horizon, formulated as E(a1) = E(a1)∼D

∑
H [− log pθ1|t(a

1|a0,o)] adapted from [28].

Our approach leverages the DFM objective [8, 7] to learn a locally normalized energy
score. This score allows us to evaluate generated rollouts and frame planning as an iterative
denoising process. Energy guidance ensures that the optimization process stays at an
energy minimum at each step [28, 10]. The denoiser pθ1|t is optimized under the constraint
that its entropyH remains above a lower bound β. This constraint encourages stochasticity,
enhancing the generative model’s adaptability to new tasks and environments.

min
θ

Ea01:H∼p0,(o1:H ,a11:H)∼D

[
H∑
k=1

− log pθ1|t(a
1
k|a0k, ok)

]
, (3.5a)

s.t. Ea01:H∼p0,(o1:H ,a11:H)∼D

[
H∑
k=1

H(pθ1|t(ak|a0k, ok))

]
≥ β (3.5b)

By optimizing at the sequence level, the model avoids getting trapped in local minima
and can naturally learn a multimodal distribution, where E(a) ≃ E(a′), finding multiple
viable solutions. This framework enables the flexible formulation of RL and planning tasks.
In Section 3.4.1, we demonstrate the use of a joint model (Section 3.3.2) for generating
unconditional rollouts.

3.3.2 Joint Denoising Model

Goal Generation. GenPlan addresses complex planning tasks by using instruction prompts
or the environment’s observations to define objectives. We achieve this by learning a goal
distribution conditioned on observations o, which guides the action denoising process.
Unlike existing methods [11, 10] that rely on simulators for runtime goal positions and
task proposals, GenPlan jointly learns the goal distribution, extracting a goal sequence g
jointly with actions a during planning. This dynamic goal proposal promotes exploration
and improves performance in long-horizon tasks by reducing error accumulation.
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State Sequence. In addition to goal generation, we also learn a state denoising model.
We found that goal-conditioning becomes ambiguous when the proposed goal is far from
the agent’s position. To prevent the agent from stalling or getting stuck in local regions,
we learn the state sequence, which further aids in learning the action distribution.

These auxiliary modules are trained in the same manner as the action sequence (denoising-
based DFM) and can generalize to out-of-distribution tasks, provided the energy function
itself generalizes—assigning low energy to successful trajectories. Next, we briefly describe
the processes involved in training and sampling from DFM [8, 7].

Forward Diffusion. We begin by corrupting samples drawn from the dataset D using
the noise schedules (eq. 3.3a,3.3b). Specifically, we apply Epdata(τ1),t∼U [0,1]p

mask
t|1 (τ t|τ 1), where

t is the CTMC timestep that controls the amount of corruption. The corruption process
is applied to s, a, and g, with the jump rate controlled by t. This training is independent
of the rate matrix, offering greater flexibility during inference.

Backward Diffusion. The denoising objective is applied at the trajectory level, making
the transition from noise to data distribution challenging, particularly for longer horizons.
This requires an iterative process. Using the corrupted tokens as input, we train the joint
denoising model (pθ1|t) to approximate the true data distribution. We employ a negative-

log-likelihood-based loss (eq. 3.6) to predict s1, g1, and a1. As noted in [8], the denoiser
pθ1|t(τ

1 | τ t) is independent of the choice of rate matrix used for sampling, Rt(x
t,x′t | x1).

This offers flexibility during sampling and simplifies the training. Following Algorithm 2,
we can sample the reverse CTMC to generate rollouts.

Observation Conditioning. We employ a transformer-style architecture [11], using bi-
directional masks as in [15] to allow future actions to influence preceding ones. Observations
o are encoded using FiLM (Feature-wise Linear Modulation) [63] to process images I,
instruction prompts ξ, and agent positions. The context length is typically set to 1 but
can be extended to increase the agent’s memory (see Figure 3.2B).

3.3.3 Training Objective

Lx =

[
−

H∑
k=1

δ
{
xtk, [M]

}
log pθ1|t(x

1|xt,o)

]
(3.6)
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Algorithm 1 GenPlan Training

1: init denoiser pθ1|t, τ
0 ∼ pnoise, β = 0.5, maxiters = 5k

2: for i in maxiters do
3: t ∼ U [0, 1], τ1 ∼ D, o ∼ D
4: pmask

t|1 (τ t|τ1) // see eq. 3.3a

5: LNLL ← La + Ls + Lg // see eq. 3.6

6: Lent ← Ea∼D

[
H

(
pθ1|t(a | τ

0,o)
)]

// see eq. 3.5b

7: Lπ(θ) = LNLL − λLent
8: θ ← θ −∇θLπ(θ)
9: λ← λ−

(
H

[
pθ1|t(· | τ

0,o)
]
− β

)
10: end for

The training objectives described in eq. 3.5a, 3.5b are used to learn the model parameters
(θ, λ). Here, θ represents the parameters of the denoiser pθ1|t, which is parameterized as

a transformer, as discussed in Section 3.3.2. The parameter λ ∈ [0,∞] is the Lagrangian
multiplier associated with the constraints in eq. 3.5b. We alternate gradient descent steps
between updating pθ1|t and λ. In practice, λ → 0, ensuring that the lower bound β on

entropy is satisfied [89]. To generalize the denoiser across different levels of corruption,
we train the model to recover trajectories with varying noise levels. For each ⟨a, s, g⟩, we
apply the loss Lx (see eq. 3.6). The Kronecker delta ensures that the loss is only calculated
for the corrupted regions.

3.3.4 Planning

Once the denoising model has been trained, we can generate trajectories that approximate
the data distribution by reversing the CTMC and interpolating noise back into the data
through iterative denoising (Imax iterations). The following algorithm outlines this process,
based on the approach in [8]. This procedure is applied to all components of the trajectories.
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Algorithm 2 GenPlan Sampling

1: init τ0 ∼ p0, choice of Rt(τ
t, ·|τ1), ∆t = 1

Imax
, get o

2: for t ∈ {0,∆t, 2∆t, . . . , 1} do
3: Rθ

t (τ
t, ·)← Epθ

1|t(τ
1|τ t,o)

[
Rt(τ

t, ·|τ1)
]

4: τ t+∆t ∼ C
(
δ
{
τ t, τ t+∆t

}
+Rθ

t (τ
t, τ t+∆t)∆t

)
5: t← t+∆t
6: end for
7: return a, s, g // extract from τ1

Remark 1 Extending rate matrices to sequences: For multidimensional input, line 4 of
Algorithm 2 factorizes C(·) as shown below. This is due to the following reasons: (1) The
corruption process is independent across the horizon, meaning Rk

t depends only on xtk, jk,
and x1k. (2) Once the process reaches x1k, it remains there, i.e., Rk

t (x
t
k = x1k, jk | x1k) = 0.

δ{xt,x′t}+
H∑
k=1

δ{xt\k,x
′t
\k}Epθ

1|t(x
1
k|xt)

[
Rk
t (x

t
k, jk|x1k)

]
∆t

3.4 Simulation Studies

We evaluate the performance of GenPlan in BabyAI [12] and continuous manipulation
tasks, focusing on the agent’s adaptive and generalization capabilities. We implemented
GenPlan using Python 3.8 and trained it on a 12-core CPU alongside an RTX A6000 GPU.

3.4.1 BabyAI

BabyAI offers a diverse set of tasks and environments (discrete) focused on planning and
task completion.

Simulation Setup

We conduct simulations in a modified BabyAI suite following three paradigms.

1. Trajectory Planning (TP). The agent navigates to one or more goals in a maze
world, with map layouts, agent initialization, and goal positions varied in each run,
evaluating GenPlan’s generalization.
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2. Instruction Completion (IC). The agent operates in a multi-objective environ-
ment requiring complex decision-making, including exploration, object manipulation,
key collection, and sequential goal completion. Task order and navigation are critical.

3. Adaptive Planning (AP). The model, trained on simple goal-reaching tasks, is
evaluated for zero-shot adaptation across harder environments without additional
fine-tuning. This includes testing the agent in increasingly complex environments,
such as mazes with multiple goals and closed doors, where the agent must demon-
strate door-opening and navigation skills. Additionally, we assess the model’s ability
to adapt to environments in which obstacles must be unblocked to succeed.

To navigate and interact with the environment, the agent can choose from six actions: left,
right, forward, open, drop, or pick up. Success rates in reaching goals and completing tasks
are reported across 250 novel environments. The map layout, goals, obstacles, and agent
positions are randomized in each run. As described in Section 3.3.2, the planner uses an
image observation and instruction to denoise the action sequences. Further details on the
environment, baseline configurations, and implementation are provided in Appendix A.1.

Baselines

We evaluate both versions of GenPlan, named GenPlan-M (GP-M) and GenPlan-U (GP-
U), corresponding to the masked and uniform noise variants, respectively. These are com-
pared against several baselines:

1. LEAP [10]: A Masked Language Model (MLM) based multi-step planner, which has
access to simulator-based goal-conditioning for sub-goals.

2. LEAP⊖GC: A variant of LEAP where simulator access is removed to evaluate its
unconditional rollouts.

3. LEAP⊕H. A variant of LEAP that incorporates a lower bound on policy entropy
(see eq. 3.5b), enabling improved adaptation to novel tasks.

4. DT [11]: Utilizes a causal transformer for planning, also with simulator-based goal-
conditioning.

While DT and LEAP could learn goal distributions, the MLE objective suffers from poor
generalization, often predicting goal positions as corner cells. In contrast, the generative
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objective combined with DFM sampling in GenPlan demonstrates superior generalization
(Figure 3.2C). To improve competitiveness, baselines with simulator access to goal positions
are categorized as conditional rollouts, while those relying on instructions and images
to recover successful trajectories are categorized as unconditional rollouts. Comparative
results are presented in Tables 3.1 and 3.2.

Remark 2 LEAP outperforms popular baselines, including model-free RL algorithms like
Batch-Constrained Deep Q-Learning [24] and Implicit Q-Learning [48], as well as model-
based RL methods such as the Planning Transformer [76] and Model-based Offline Pol-
icy [88], in single-goal tasks within BabyAI environments, as shown in Table 1 of LEAP [10].

Uncond. Rollouts Cond. Rollouts

Env. GenPlan-U GenPlan-M LEAP⊖GC LEAP DT

Traj. Planning (TP)

GoToObjMazeS4G1 52.4% 62% 44% 49.2% 46.8%

GoToObjMazeS4G2 38.8% 39.6% 20% 37.6% 35.2%

GoToObjMazeS7G1 45.6% 44.8% 12% 33.2% 40%

GoToObjMazeS7G2 21.2% 19.6% 3.6% 4% 13.6%

TP Mean (7.6 ↑) 39.5% 41.5% 19.9% 31% 33.9%

Instr. Completion (IC)

GoToObjMazeClose 42.8% 48.4% 18% 38.8% 40%

DoorsOrder 40.8% 35.2% 11% 36.4% 40.8%

BlockUnlock 13.2% 16% 0% 0.8% 0%

KeyCorridorS3R3 11.6% 17.6% 0% 0.4% 3.6%

IC Mean (8.2 ↑) 27.1% 29.3% 7.25% 19.1% 21.1%

Table 3.1: BabyAI quantitative performance. Success rates of the models across
different environments are presented. The abbreviations SW, NX, RY, and GZ in the
environment names represent the size (W) of a room in the map, the number of obstacles
(X), the number of rows (Y), and the number of goals (Z) during testing, respectively. The
term “Close” indicates that the agent requires door-opening actions. See Appendix A.1.2
for more details.
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Uncond. Rollouts Cond. Rollouts

Environment GenPlan-U GenPlan-M LEAP⊖GC LEAP⊕H LEAP DT

Adaptive Planning (AP)

GoToLocalS10N10G2 82.4% 88% 76% 69.2% 78% 25.6%
GoToObjMazeS4N3G1 56% 62% 44.8% 52% 48% 24%
GoToObjMazeClose 31.2% 34.8% 10% 16.4% 10% 8.8%
GoToObjMazeS4G2 28.8% 34.8% 14% 21.2% 18.4% 3.6%
GoToSeqS5R2Un 35.6% 42% 29.2% 30.8% 38% 29.2%

AP Mean (13.84 ↑) 46.8% 52.32% 34.8% 37.92% 38.48% 18.24%

Table 3.2: BabyAI quantitative performance. Success rates of the models across
different environments are presented. The abbreviations SW, NX, RY, and GZ in the
environment names represent the size (W) of a room in the map, the number of obstacles
(X), the number of rows (Y), and the number of goals (Z) during testing, respectively.

Results

GenPlan consistently achieves higher success rates, particularly in adaptive planning and
long-horizon tasks, as shown in Table 3.1. Success rates decline as environments grow or
involve multiple goals (e.g., MazeS7G2 ), reflecting the challenges of multi-step planning,
where committing to incorrect plans results in deadlocks. GenPlan succeeds in complex,
order-critical multi-task missions that require completing sub-tasks (e.g., key collection,
obstacle unblocking) to achieve higher-level objectives, where baselines fail, particularly in
KeyCorS3R3 and BlockUn . In tasks requiring strict task order (e.g., DoorsOrder),
Decision Transformer (DT) performs comparably due to simulator access for correct goal
sequencing, while GenPlan relies solely on instruction embedding as seen in Section 3.3.2.

Next, we assess the model’s adaptation capabilities in novel environments (see Ta-
ble 3.2). Initially trained in a simple, single-goal plane world task, the model is then
evaluated on increasingly challenging tasks. Through the joint denoising process, GenPlan
can eventually find a plan given enough timesteps as long as the energy function generalizes
well. The goal-generation module allows dynamic updates of sub-goals, aiding exploration,
while the entropy regularizer helps the model learn new skills, such as obstacle unblocking,
even without explicit demonstrations in the dataset. We hypothesize that this is due to
GenPlan’s more effective joint optimization process. In practice, LEAP’s sampling process
may lead to misalignment between generated actions and goals, even with an oracle for
the goal sequence (see Figure 3.3).
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Ablation Studies

We assess the significance of various components of GenPlan, results are presented in Ta-
ble 3.3.

Joint Prediction (Ls+Lg). This integration of goal generation (Lg) with state sequence
denoising (Ls) enhances IC performance and prevents stalling in TP tasks. Without state
denoising, the agent tends to exhibit stalling actions as the agent may get stuck in a
local region. On the other hand, without Lg, the agent lacks awareness of sub-tasks
associated with the overall task. This is evident in the performance drops observed in the
KeyCorS3R3 and DoorsOrder experiments in Table 3.3, where the agent struggles to
achieve sub-goals like key collection or correctly identifying the door sequence.

Entropy. Entropy acts as a regularizer while minimizing the trajectory’s energy. LEAP
often gets stuck in local minima when recovering trajectories, leading to the hallucination
of actions from demonstrations, such as constantly moving forward or performing in-place
turns. The impact of entropy is particularly significant in AP tasks, where the agent
navigates more complex environments. This is evident in the performance drops observed
in the MazeClose environment. However, in IC tasks, where additional actions like
“open” or “pickup” are required, entropy often hinders performance, making it less suitable
for such scenarios.

Noise Schedule. In Tables 3.1 and 3.2, we compare the use of uniform interpolants
versus masking. While masking interpolants generally outperform uniform interpolants
in most tasks, the latter succeed in some larger environments. This success is attributed
to the inherent randomness in the denoising process, as discussed in Section 3.3.4. With
masking, the model more easily identifies jumps, simplifying the training. This is also
reflected through faster convergence (training) of masked interpolants.

Comparisons with Generative Approaches

We evaluate different generative objectives (BC, Noise Contrastive Estimation) and sam-
pling techniques (Random Shooting (RS), Cross-Entropy Method (CEM), Markov chain
Monte Carlo (MCMC) sampling, and energy gradient-guided sampling). The results for
the AP and IC tasks are reported in Table 3.4.
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Attribute GenPlan-M Reduction LEAP⊖GC

MazeS4G2 (TP)
w/o JP 32% ↓ 7.6%

20%
w/o Entropy 34.4% ↓ 5.2%

KeyCorS3R3 (IC)
w/o JP 13.6% ↓ 4%

0%
w/o Entropy 7.6% ↓ 10%
w/o History 0.4% ↓ 17.2% 0%

DoorsOrder (IC)
w/o JP 15.6% ↓ 19.6%

11%
w/o Entropy 34.4% ↓ 0.8%

SeqS5R2Un (AP)
w/o JP 32.8% ↓ 9.2%

29.2%
w/o Entropy 34.8% ↓ 7.2%

Table 3.3: Ablation. The values represent the mean success rates as detailed in Sec-
tion 3.4.1, with reductions shown relative to the results in Tables 3.1 and 3.2.

(i) Denoising Diffusion Probabilistic Models (DDPM) [38, 13] rely on a BC
objective thus struggle to generalize to harder tasks, as shown in Example 1. Models
trained solely with BC objectives lack distributional fidelity, limiting their ability to adapt
to novel scenarios.

(ii) Energy models are challenging to sample from due to their reliance on extensive
CEM or MCMC cycles and their instability during training [13]. Additionally, guided
sampling in DDPM (using energy gradients) often results in local minima, where low-
energy trajectories are gamed through repeating actions frequently observed in the dataset
(e.g., repeated forward movements).

We observe that GenPlan significantly outperforms both approaches, as demonstrated
in Table 3.4.

Discussion

Energy Landscape. We investigate the energy assignment to trajectories with varying
noise levels throughout training and observe that (a) GenPlan learns to reduce the energy
for clean sequences and (b) increases the energy for corrupted trajectories (Figure 3.4B).
Since this denoising is done jointly, the energy measure provides an implicit sense of the
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Goto Green Ball and Purple Ball GenPlan LEAP

Figure 3.3: Energy Landscape. GenPlan, when conditioned on sub-goals, implicitly
assigns minimal energy to necessary sub-goals (e.g., picking up keys, opening doors) for
task completion. States closer to the white region are more likely to be transitioned into.
LEAP, in contrast, does not prioritize these sub-tasks.

goodness of an action at a particular state (also see Figure 3.3). This helps verify that the
objective in eq. 3.5a indeed facilitates denoising.

Effect of Iterative Denoising. At inference, the number of denoising steps for planning
is determined independent of training (Algorithm 2), enabling post-hoc adaptations with
various rate samplers. For harder problems, more iterations or better samplers can be
used to obtain minimal energy trajectories. From Figure 3.4A, we observe that around
H/2 iterations provide good results, allowing approximately two dimensions to transition
simultaneously in a single step.

Coverage. We perform coverage experiments on both adaptive planning (AP) and tra-
jectory planning (TP) tasks in novel environments. For both tasks, we evaluate models
across unseen environments where the map layout (fixed) was not observed during training,
and the goal position is randomized to different rooms. The results, shown in Figure 3.5,
report the coverage and success rates for each model.

In AP tasks, where both the task and environment are novel, the agent is trained on
a planar goal-conditioned task (without walls) and must adapt to a maze structure in
a zero-shot setting. As illustrated in Figure 3.5, GenPlan significantly outperforms the
baselines due to its goal generation module (Section 3.3.2), which effectively proposes sub-
goals and goal regions, providing clear guidance. In contrast, baseline models struggle
with ambiguous guidance (Figure 3.3), often leading to agent stalling, even with access
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Sampling / Objective Traj. Planning Instruction Completion

GoToObjMazeS4G1 KeyCorridorS3R3 DoorsOrder

Energy Models
Random 29.2% 2.8% 26.0%
CEM 38.9% 6.4% 28.4%
MCMC 44.0% 0.0% 11.0%

DDPM
Diffusion BC 25.2% 0.8% 29.2%
Energy (Gradient) 2.0% 0.0% 0.0%

GenPlan Energy+DFM 62.0% 17.6% 35.2%

Table 3.4: Comparison of Energy-Based and DDPM Baselines on MiniGrid
Tasks. We compare various sampling techniques and generative objectives on discrete
planning tasks. GenPlan demonstrates significant improvements in success rates, particu-
larly on more complex tasks, by combining energy objectives with DFM sampling.

to the simulator for ground truth. GenPlan demonstrates efficient exploration and strong
generalizability in these settings.

For TP tasks, we evaluate the models’ trajectory planning capabilities in a maze-goal-
reaching task with unseen maps (Figure 3.6). This setup excludes goal modules (learned
or oracle) and focuses solely on trajectory planning. Given the map and instructions,
GenPlan successfully plans trajectories, even when initializing goals in different rooms. In
comparison, baseline models struggle, with DT performing competitively in generalizing
to the same task but facing significant challenges in adaptation. GenPlan consistently
outperforms baselines in both generalization and adaptation tasks.

Policy Deployment. We demonstrate policy rollout on the AGILEX LimoBot 1 with a
differential drive for the GoToObjMazeS4G2 task. Using a scale of 0.3 m per grid cell,
and employing onboard odometry and dead-reckoning, the supplementary video2 showcases
the implementation. This deployment highlights our method’s ability to bridge abstract
plans to real-world execution via trajectory optimization and low-level tracking.

3.4.2 Manipulation Tasks

We evaluate the models on continuous manipulation tasks: (a) PushT [22] and (b) Franka
Kitchen [30]. Both tasks use state-based variants in continuous manipulator environments.

1Thanks to Praneeth KVK for assistance in setting up the real-world robot demonstration.
2https://aku02.github.io/projects/adaptformer/
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(B)(A)

Figure 3.4: GenPlan Analysis. (A) Success rate as a function of the number of de-
noising iterations, reported using 3 different training seeds evaluated on 250 environments,
specifically for GoToObjMazeS4N3G1 (AP) and GoToObjMazeS4G1 (TP). (B)
Energy landscape learned by GenPlan during training, illustrating that GenPlan effectively
captures the true action distribution by assigning low energy to noise-free sequences.

GenPlan-M LEAP
Sample Map Layout

1 2 3

4 5 6

7 8 9

Room No.

DT 

Success Rate: 80%, Coverage: 82.81% Success Rate: 40%, Coverage: 75% Success Rate: 20%, Coverage: 28.4%
GoToObjMazeS4N3

Figure 3.5: State Coverage (AP). State visit frequency is evaluated across 10 unseen
maze layouts with varying goal positions (Rooms 1-9), starting from a fixed agent position
(Room 1).

Success Rate: 52%, Coverage: 85.47%
GoToObjMazeS7G1

GenPlan-M LEAP DT

Success Rate: 14%, Coverage: 44.98% Success Rate: 46%, Coverage: 78.55%

Sample Map Layout

Figure 3.6: State Coverage (TP). Coverage is evaluated in larger environments. Results
are reported across 50 map variations from a fixed start position (Room 1).
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Figure 3.7: Policy Deployment. We deploy the policy on an AGILEX LimoBot. See the

project webpage for more details.

The PushT task assesses task comprehension in unconditional rollouts, with performance
measured by final coverage, defined as the IoU between the T-block and the target posi-
tion. The Franka Kitchen task involves seven possible subtasks, where each demonstration
trajectory completes a subset of four in some order. It evaluates long-horizon planning,
multimodality, and task commitment, where certain baselines may fail due to mode-shifting
or incomplete tasks. Both tasks are evaluated in an unconditional rollout setting. For de-
tails on the environment setup and implementation, see Appendix A.3.

Baselines

For our evaluations, we compare GenPlan-M with several baselines to highlight its per-
formance in continuous tasks. GenPlan-M retrieves continuous actions by learning a cat-
egorical distribution over discrete latent codes, with corresponding offsets, similar to the
Vector Quantized Behavior Transformer (VQ-BeT) [53].

Unlike VQ-BeT, which employs a behavior cloning objective, GenPlan-M uses an
energy-based loss (see Section 3.3) and DFM sampling with causal masks, providing greater
flexibility and improved generalization. Additionally, we benchmark against Diffusion Pol-
icy (DP), a state-of-the-art behavior cloning method, evaluating both its CNN-based (DP-
C) and Transformer-based (DP-T) variants. For model and environment hyperparameters,
we adopt the configurations from [53].
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Env Metric GenPlan-M VQ-BeT DP-C DP-T

PushT
Final Coverage 0.73 0.7 0.73 0.74
Max Coverage 0.77 0.73 0.86 0.83

Kitchen # Tasks 3.40 3.66 2.62 3.44

Table 3.5: Quantitative results. Comparison of baselines on unconditional continuous-
space tasks.

Discussion

GenPlan-M demonstrates competitive performance against state-of-the-art behavior cloning
approaches. While diffusion policies excel at low-level tasks such as PushT, GenPlan-
M and VQ-BeT outperform the diffusion-based approach (DP-C) in the Kitchen envi-
ronment, where diffusion lags behind by an entire subtask. In particular, on PushT,
GenPlan-M trails DP-T in max-coverage because its categorical, abstract parameterization
trades fine-grained continuous-control dexterity for compositional planning; conversely, in
Kitchen this abstraction improves long-horizon subtask sequencing and yields stronger per-
formance. These results highlight the advantages of modeling with categorical distributions
(abstracted spaces) for multi-task missions and unconditional planning.

Unlike baselines that rely on an oracle for goal positions, often unavailable in real-world
scenarios the goal generation module in GenPlan dynamically updates sub-goals, enabling
improved state coverage (see Appendix A.1). To further illustrate these advantages, we
present results on MetaWorld tasks, where we train a multi-task policy and evaluate the
agent’s adaptive capabilities on unseen tasks (see Appendix A.4).
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Chapter 4

Learning for Multi-Agent Games

4.1 Overview

Decision-making in multi-agent settings, particularly in dynamic and continuous control
environments, poses unique challenges. Agents must reason about the evolving strategies of
others, adapt to diverse opponent behaviors, and maintain stability under non-stationary
training dynamics. In this work, we propose DiffFP, a generative, game-theoretic frame-
work that leverages diffusion policies to compute best responses within a Fictitious Play
(FP) setup.

Unlike standard reinforcement learning approaches that struggle to model multimodal
strategies, or value-based methods that fail to represent stochastic policies effectively,
DiffFP employs diffusion models to learn expressive best-response policies in continuous
action spaces. By embedding a generative policy into the fictitious play loop, we achieve
sample-efficient learning of robust and generalizable behaviors.

Contributions. To address the limitations of unimodal and unstable best-response poli-
cies in continuous state-action games, we introduce the following innovations:

• DiffFP [45] trains from scratch using iterative fictitious play, where each agent learns
a diffusion-based best-response policy to the evolving empirical distribution of its
opponents.

• The opponent’s average policy is modeled explicitly and updated online, improving
stability and mitigating non-stationarity during training.
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• Diffusion models enable expressive multimodal policies, allowing agents to represent
mixed strategies and adapt to previously unseen opponents.

Our approach is general enough to accommodate both symmetric and asymmetric game
structures, and we validate it in a range of continuous control benchmarks. Empirically,
DiffFP achieves up to 3× faster convergence and 30× higher success rates than conventional
Reinforcement Learning (RL) baselines, as measured by exploitability and win rate against
held-out opponents.

System Components. DiffFP builds upon the FP framework with two core components:

1. The outer loop of Fictitious Play, where agents maintain and update empirical aver-
age strategies (Algorithm 3).

2. A generative best-response policy implemented as a conditional diffusion model,
trained using policy gradients to approximate optimal behavior against the average
opponent (Algorithm 4).

These components interact to yield robust, convergent learning dynamics even in high-
dimensional, continuous-action games. Subsequent sections describe the parameterization,
training objectives, and sampling strategies for both the best-response policy and the
average policy model.

4.2 Preliminaries and Problem Statement

We consider a Partially Observable Markov Game (POMG) [33] defined by the tuple
(I,S, b0, {Ai}, {Oi}, T ,Ωi, {Ri}), where:

• I = {1, · · · , n} is the finite set of agents;

• Si ⊆ Rds is the continuous state space for agent i, and S =
∏

i∈I Si is the joint state
space, with −→s = (s1, · · · , sn) ∈ S denoting the joint state;

• b0 ∈ P(S) denotes the initial state distribution;

• Ai ⊆ Rda is the continuous action space for agent i, and A =
∏

i∈I Ai is the joint
action space, with −→a = (a1, · · · , an) ∈ A;
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• Oi is the observation space for agent i, with observation function Ωi : S → P(Oi)
mapping the global state to the agent’s local observation (e.g., an occupancy grid);

• T : S ×A → P(S) is the (joint) transition function;

• Ri : S × A → [rmin, rmax] ⊂ R is the bounded reward function for agent i, where
rmin ≤ Ri(

−→s ,−→a ) ≤ rmax for all (−→s ,−→a ) ∈ S ×A.

A (stochastic) policy for agent i is defined as a mapping πi : Oi → P(Ai), where P(Ai)
denotes the probability measures over the action space Ai. The joint strategy of all agents
is denoted as π := (π1, . . . , πn) = (πi,π−i), where π−i represents the strategy of all agents
except agent i.

Remark 3 (Two-player zero-sum game) We consider a two-player zero-sum game,
where the sum of agents’ rewards satisfies (

∑
iRi = 0). Without loss of generality, this

formulation extends naturally to multi-agent settings. The joint strategy is denoted as
π = (πego, πopp), where πego and πopp represent the behavioral strategies of the ego and
opponent agents, respectively.

Definition 1 (Best Response [5, 61]) Given the opponent’s strategy π−i, the best-response
strategy πiBR for agent i is defined as

πiBR ∈ arg max
πi∈Πi

Ji(π
i,π−i), (4.1)

where Πi denotes the set of admissible policies for agent i, and Ji : Π1 × · · · × Πn → R
denotes the expected cumulative reward for agent i.

In zero-sum games [81, 56], the reward functions satisfy Rego = −Ropp, resulting in a
minmax formulation where one agent’s gain is the other’s loss. The goal is to compute
joint strategies that are robust against adversarial opponents.

Definition 2 (ε-Nash Equilibrium [61]) We define a joint strategy profile π∗ = (πego,∗, πopp,∗)
to be an ε-Nash equilibrium if, for all i ∈ {ego, opp}, the following holds:

Ji
(
πi,∗,π−i,∗) ≥ Ji

(
πi,π−i,∗)− ε, ∀πi ∈ Πi. (4.2)

Intuitively, this means that no agent can gain more than ε by unilaterally deviating from
their current strategy. The deviation from an exact equilibrium can be quantified using
the notion of exploitability, which measures how much an agent’s return could be improved
by switching to a best-response policy.
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Definition 3 (Exploitability) We define the exploitability of a joint policy profile π =
(πi, π−i) for agent i as:

εi = Ji
(
πiBR,π

−i)− Ji(πi,π−i), (4.3)

where πiBR is a best response to π−i. The total exploitability is given by ε =
∑

i∈I εi.

Problem 2 We consider a two-agent zero-sum POMG where agents interact in a continu-
ous state and action space. Each agent i ∈ {ego, opp} seeks to maximize its expected return
(Ji(π

i,π−i)), under the assumption that its opponent behaves adversarially. This leads to
a minmax optimization problem defined over joint policies.

Ji(π
i,π−i) = E −→ah∼π(·|−→oh),−−−→sh+1∼T (·|−→sh,−→ah)

[
H∑
t=0

γtRi(
−→sh ,−→ah)

]
,

The goal of each agent is to solve the following minmax optimization:

π∗,i = arg max
πi∈Πi

min
π−i∈Π−i

Ji(π
i,π−i), (4.4)

Without loss of generality, this formulation extends naturally to the multi-agent setting. In
such cases, each agent maximizes its own return while accounting for the joint policies of
all other agents, which together act adversarially in the zero-sum context.

4.3 DiffFP: Method

Notations. We use subscript h to denote timesteps in the POMG, and t ∈ {1, . . . , T} for
diffusion timesteps. Agent index is indicated by superscript i. The action taken by agent i
at environment timestep h and diffusion step t is denoted as aih,t. Under fictitious play, we
denote the policy of agent i at iteration k ∈ {0, . . . , K} as πik. We use U{1, . . . , T} to denote
an uniform distribution over the set {1, . . . , T}, and N to denote a Gaussian distribution.
The symbol ∼ denotes sampling from a distribution; for example, ϵ ∼ N (0, I). For brevity,
we drop the subscript h or t in equations where all terms refer to the same POMG timestep
or diffusion step.

To solve the minmax problem in continuous zero-sum games described in Section 2,
we adopt a FP style learning framework. Specifically, we integrate diffusion models as
expressive policy classes to represent the agents’ stochastic strategies in high-dimensional,
continuous action spaces. We train a diffusion-based policy at each iteration to approximate
the best response against a fixed opponent strategy distribution.
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4.3.1 Fictitious Play

Fictitious Play [5] is an iterative algorithm in which agents update their strategies based
on the empirical distribution of their opponents’ past strategies. At each iteration k, each
agent i computes a best response πiBR to the current average strategy π−i

k of its opponents
and updates its strategy

πik+1 =
k

k + 1
πik +

1

k + 1
πiBR (4.5)

One of the primary challenges in fictitious play lies in computing the best response
policy, particularly in environments with continuous action spaces. To address this, we
employ a generalized weakened fictitious play framework [54], which allows for approximate
best responses and small perturbations. Formally, a sequence of mixed strategies πk follows
generalized weakened fictitious play if, for each agent i,

πik+1 ∈ (1− αk+1) π
i
k + αk+1

(
BRϵk(π−i

k ) +M i
k+1

)
,

where the step size αk → 0 and ϵk → 0, when
∑∞

k=1 αk = ∞, and M i
k is a perturbation

term satisfying, for any constant J > 0,

lim
k→∞

sup
j

{∥∥∥∥∥
j−1∑
l=k

αl+1M
i
l+1

∥∥∥∥∥ s.t.
j−1∑
l=k

αl+1 ≤ J

}
= 0,∀J ≥ 0.

Algorithm 3 summarizes the Fictitious Play procedure in our framework. By iteratively
refining the strategies through FP where RL is employed to approximate best responses we
ensure that the overall exploitability decreases over time, thereby converging to an ε-Nash
equilibrium.

4.3.2 Approximating Best Response via Reinforcement Learning

Finding an exact best response is often computationally intractable, especially in large
or continuous spaces. Prior works [36, 54] have shown that instead of full-width backups,
one can approximate the best response using RL, and similarly approximate the average
strategy using supervised learning (SL) [36].
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Policy Representation

To model complex and multimodal team dynamics, we propose leveraging a diffusion
policy [86] to approximate the best response. While centralized modeling of joint team
behavior offers computational benefits, it often falls short in capturing the inherent multi-
modality of optimal responses, particularly in competitive or dynamic environments. Dif-
fusion models address this limitation by learning diverse behavior distributions, making
them especially effective at representing the rich variability in agent interactions. At each
iteration k of FP, we compute the best response against a fixed but unknown average op-
ponent policy, denoted by π−i

k . For brevity, when discussing diffusion-based best responses,
we omit the agent index and FP index; the subscript t in the following denotes the diffusion
timestep.

Denoising Diffusion Probabilistic Models (DDPM) [38, 60] form the backbone of this
approach. DDPM defines a forward process that gradually perturbs the data, here an
action a0 ∼ q(a0) drawn from the replay buffer is transformed into a tractable Gaussian
prior q(aT ) over T steps by iteratively applying Gaussian noise:

q(at|at−1) := N (at;
√

1− βtat−1, βtI), ∀t ∈ {1, . . . , T} (4.6)

where βt ∈ (0, 1) is the variance schedule. Through Markov chain property of the forward
process, the distribution of any intermediate noisy action at can be expressed in closed
form conditioned on the original action a0:

q(at|a0) := N (at;
√
ᾱta0, (1− ᾱt)I), ∀t ∈ {1, . . . , T} (4.7)

with αt = 1− βt and ᾱt =
∏t

s=1 αs. The forward diffusion process (Equations 4.6 and 4.7)
progressively transforms clean actions into an isotropic Gaussian distribution as T → ∞.

Algorithm 3 Fictitious Play

1: Initialize πi0 randomly for each agent i ∈ {ego, opp}.
2: for k = 0, . . . , K − 1 do
3: for each agent i ∈ {ego, opp} do
4: Compute best response: πiBR ← BR(π−i

k ).
5: # Compute BR through Alg. 4

6: Update strategy: πik+1 ← k
k+1

πik + 1
k+1

πiBR.
7: end for
8: end for
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Algorithm 4 DiffFP as Best Response for Agent i

1: Initialize actor πiθ and critic Qi
ψ for all i ∈ I with targets, buffer D ← ∅, Set noise

schedule {αt}Tt=1 with ᾱt =
∏t

j=1 αj, step size η, train steps M (for each FP iteration).
2: for iteration m = 1 to M do
3: # Experience Collection

4: for timestep h = 0 to H do
5: # Sample actions following eq. 4.9

6: Sample actions: aih ∼ πi(·|oih), a−ih ∼ π−i(·|o−ih )
7: Construct joint action: −→ah = (aih, a

−i
h )

8: Transition: −−→sh+1 ∼ T (· | −→sh ,−→ah), oih+1 ∼ Ωi(· | −−→sh+1)
9: Reward: rih = Ri(

−→sh ,−→ah)
10: Store D ← D ∪ {(oih, aih, rih, oih+1)} in buffer D
11: # Train Q-function [35]
12: Update parameters ψ following equation 4.10
13: # Train Diffusion Policy

14: Update parameters θ using the loss in equation 4.8
15: # Q-guided Action Refinement

16: for n = 1 to Naction-ascent do

17: ãi, n+1
h ← ai, nh + η∇ai

(
minj=1,2Q

i
ψj

(
oih, a

i
)) ∣∣

ai=ai, nh

18: end for
19: Add refined action to buffer: D ← D ∪ {(oih, ã

i, N
h )}

20: end for
21: end for

The learned reverse process then inverts this trajectory to generate multimodal actions
from the policy.

The reverse process corresponds to our policy πθ(ah|oh) = pθ(ah,0:T |oh) begins from
a sample aT ∼ p(aT ) = N (0, I) drawn from the prior and conditionally denoises via
a sequence of parametrized transitions: pθ(ah,t−1|ah,t, oh) := N (ah,t−1;µθ(ah,t, oh, t), σ

2
t I)

where θ denotes the parameters of a neural network trained to approximate the true reverse
dynamics q(ah,t−1|ah,t, ah,0) and σ2

k = βt
1−ᾱt−1

1−ᾱt
. The training objective is to maximize the

Variational Lower Bound (VLB): LVLB := Eq(a0:T )

[
log pθ(a0:T )

q(a1:T |a0)

]
. In practice, this objective

simplifies to a conditional denoising score matching loss:

Et∼U{1,...,T},a0∼D,ϵ∼N (0,I)

[
||ϵ− ϵθ(

√
ᾱta0,h +

√
1− ᾱtϵ, oh, t)||2

]
(4.8)

where ϵθ(ah,t, oh, t) =
√
1−ᾱt

βt

(
ah,t −

√
αt µθ(ah,t, oh, t)

)
is a neural network trained to predict
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the noise added during the forward process.

Remark 4 (CTDE for Multi-Agent Teams) Modeling multi-agent teams under the
centralized training with decentralized execution (CTDE) paradigm presents significant chal-
lenges [82]. Within the same team, agents must learn complementary roles and diverse
behaviors, resulting in inherently multimodal action distributions. This coordination com-
plexity makes it difficult for conventional methods to learn effective policies, while diffusion-
based approaches are better suited to capture such diversity.

Sampling

We iteratively recover the action following the reverse diffusion process. The actor is
parameterized as a conditional diffusion model, defined as πθ(ah|oh) := pθ(ah,0:T |ah,T , oh).
We retain only the denoised sample ah,0, which serves as the sampled action.

at−1 | at =
at√
αt
− βt√

αt(1− ᾱt)
ϵθ(at, oh, t) +

√
βtϵ, (4.9)

ϵ ∼ N (0, I), for t = T, . . . , 1.

Policy Learning

Unlike a unimodal Gaussian policy, Diffusion Policy (DP) does not maintain an explicit
likelihood function. To learn multimodal policies for each agent i, we adopt the framework
from [86], which combines a behavior cloning loss (equation 4.8) with double Q-learning [35]
to guide policy improvement. In practice, we use two critic networks Qψ1 , Qψ2 and their
target networks Qψ′

1
, Qψ′

2
.

E(oih,a
i
h,o

i
h+1)∼D, aih+1,0∼πi

[((
rih + γ min

j=1,2
Qi
ψ′
j
(oih+1, a

i
h+1,0)

)
−Qi

ψ(oih, a
i
h)
)2]

(4.10)

Policy improvement is achieved through action gradients that refine actions sampled from
the replay buffer (line 17 of Algorithm 4). Additionally, we adopt reward-weighting [65] to
prioritize higher-return samples and improve sample efficiency.

Implementation. We implement both the diffusion actor and critic networks using mul-
tilayer perceptrons (MLPs). The actor performs iterative denoising to generate actions,
while the critic estimates the corresponding target value functions [35]. The overall best-
response computation for an agent during each FP iteration is summarized in Algorithm 4.
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To compute the best response, we fix the opponent’s average policy, which is stochastic
and not explicitly known to the ego agent. Rather than approximating this average via
supervised learning [36], we follow the exact averaging rule from equation 4.5 by sampling
from the pool of historical best-response policies, weighted by their update coefficients as
seen in line 5 of Algorithm 3.

4.4 Simulation Studies

We aim to answer the following questions through extensive simulation-based experiments:

• Convergence. Can DiffFP learn an approximately unexploitable policy profile?
Specifically, in continuous and dynamic environments, can it converge to a joint
ε-Nash equilibrium?

• Efficiency. What is the benefit of using a DP-based approach for modeling continuous-
action zero-sum games, in terms of stability and sample efficiency?

• Robustness. Can our method learn diverse yet robust strategies that generalize to
unseen opponents?

We evaluate DiffFP on two benchmark simulation environments: one featuring symmetric
agents with dense rewards, and the other characterized by asymmetric roles and sparse
rewards. However, both settings are imperfect information games. All experiments are
implemented in Python 3.8 and executed on a 12-core CPU with an RTX A6000 GPU.

4.4.1 Baselines

We evaluate DiffFP against several reinforcement learning (RL) baselines, adapting them
as (approximate) best-response within the Fictitious Play framework (Algorithm 3).

• QSM [67]: A generative (score-based) actor model trained by aligning the score
function with the state-action gradient field, enabling policy learning via denoising
objectives.

• SAC [32]: A maximum entropy RL algorithm that estimates a stochastic policy by
maximizing a trade-off between expected return and entropy.
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A B C D EIteration 25 Iteration 50 Iteration 100

Figure 4.1: (A–B) Failure Modes of Baselines. Baseline agents exhibit suboptimal
behaviors such as stalling or inefficient path planning. (C–E) Training Progression of
DiffFP. Agent trajectories sampled from successive FP iterations illustrate the emergence
of strategic behaviors. Over time, agents learn to navigate more efficiently, reducing their
time-to-goal from 80 to 45 steps under identical initial conditions.

• TD3 [23]: A deterministic actor-critic method that addresses overestimation bias in
Q-learning through clipped double Q-learning and target policy smoothing.

Metrics. We evaluate best responses using the total exploitability of the policy, as defined
in Equation 4.3. In practice, we use normalized episodic cumulative reward as the payoff
measure. Additionally, we report normalized cumulative rewards for the racing task.

4.4.2 Racing Environment

Setup

We consider a multi-agent racing scenario in which agents must learn strategic behaviors
such as overtaking, defending, and racing along a track. The interaction is modeled as a
general-sum game [39], where each agent is rewarded for minimizing the arc-length gap
to its opponent while being constrained by track limits and collision avoidance. This
yields a dense reward function that provides continuous guidance throughout the episode.
The introduction of the collision-avoidance penalty augments each agent’s cost to encode
safety constraints, yet the fictitious play fixed point remains equivalent to the first-order
optimality conditions of a Nash equilibrium in the original (unpenalized) game [75, 83].
We evaluate robustness by testing trained policies against unseen opponents across diverse
track layouts.
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Results

We report exploitability convergence in Figure 4.3. DiffFP consistently outperforms all
baselines, exhibiting both faster and more stable convergence toward low exploitability
(see Definition 3).

Limitations of Off-Policy RL. Although TD3 [23] and SAC [32] appear to converge in
terms of exploitability metrics, qualitative evaluations reveal significant behavioral failures.
As illustrated in Figure 4.1A and B, TD3 agents often fall into loop-like trajectories,
circling without track progress, while SAC agents frequently violate track boundaries,
failing to adhere to racing constraints. These behaviors highlight fundamental limitations
of standard off-policy RL methods: they are typically Q-value mode-seeking and lack
the expressiveness required to represent diverse and strategic behaviors [84]. Moreover,
despite large adversarial populations, they tend to overfit to specific opponents, resulting
in brittle policies that remain exploitable. While increasing the adversary population
can help introduce more varied dynamics, it incurs diminishing returns due to reduced
environment interaction per policy [79].

Instability of Q-Function. Generative approaches based on diffusion models [84] offer
greater expressiveness and naturally support multimodal policy distributions, promoting
behavioral diversity [86]. However, QSM suffers from high instability due to its strong
reliance on accurate value function estimates. This is particularly problematic in multi-
agent settings, where the opponent’s actions induce non-stationary dynamics, making Q-
value estimation noisy and unreliable. As a result, exploitability convergence plots tend to
be noisy and non-convergent.

Track Progress. Figure 4.3 reports the normalized track progress reward. DiffFP con-
sistently achieves near-optimal performance, highlighting its robustness and stability in
learning strategic racing behaviors.

Training Progression. Figure 4.1(C–E) illustrates agent trajectories across FP itera-
tions. Initially (C), the blue agent trails behind. Over time (D), it learns to race com-
petitively, overtaking on the inside and forcing the red agent to brake. Near convergence
(E), both agents display aggressive and reactive behaviors: attacking, defending, and driv-
ing each other toward track boundaries, while completing the sector faster than in earlier
iterations.
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Attacking Gap (m) Successes Crashes Mean Reward
QSMFP 8.26 3 / 20 4 / 20 0.80
DiffFP 17.70 12 / 20 1 / 20 0.92

Table 4.1: Head-to-Head Trials. Gap denotes the mean relative distance gained by the
attacker. Successes refer to the number of episodes where the attacker successfully closed
the initial gap or overtook the target. Attacking agent is initialized behind the race leader.

Opponent Crashes Mean Reward

QSMFP 11 / 20 0.556

DiffFP 4 / 20 0.756

Table 4.2: Robustness to Unseen Opponents. Evaluation of crash rates (lower is
better) and mean rewards (higher is better) when the agent is tested against up to five
previously unseen adversaries.

Robustness to Unseen Opponents. Table 4.1 reports head-to-head results, where
DiffFP demonstrates stronger robustness by achieving more successful overtakes and fewer
collisions with the race leader compared to the QSM baseline, which exhibits higher crash
rates. In scenarios with 3–5 additional agents (Table 4.2), DiffFP reliably avoids collisions
and track violations through timely lane changes or braking, while baselines often exhibit
unsafe behaviors.

4.4.3 Multi-Agent Particle Environment

To demonstrate the generalizability of our approach to broader multi-agent setups, we
conduct experiments on the Multi-Agent Particle Environment (MPE) suite [58]. These
tasks are particularly challenging due to their sparse reward structure and the existence of
multimodal solutions. We focus on two asymmetric and imperfect information scenarios:

• MPE-Adversary: Ego agents must collaboratively cover landmarks to mislead a
single adversary from locating the hidden target landmark (Figure 4.4B).

• MPE-Tag: Adversaries must coordinate to trap the ego agent, who must in turn
evade capture (Figure 4.4A).

In both cases, agents operate under partial observability, receiving only local information
about nearby entities. The environments are asymmetric in role and objective. We adopt
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Figure 4.2: Exploitability. We report exploitability (see Def. 3) computed over 100 eval-
uation runs. Lower values indicate better robustness, with the proposed DiffFP achieving
the lowest exploitability.

centralized training with decentralized execution (CTDE) framework. This setup is par-
ticularly challenging [82], as the ego agent is often required to adopt role-specific behaviors
such as acting as a decoy which differ substantially from typical goal seeking strategies.

Results

We report the exploitability metric across 100 novel scenarios in Figure 4.2. DiffFP achieves
the lowest exploitability with minimal variance, demonstrating strong generalization and
stability. Qualitatively, only DiffFP and SACFP variants converge to near-optimal per-

Figure 4.3: A. Exploitability on the Racing Task. Mean and standard deviation of
exploitability over 10 episodes per FP iteration. B. Normalized Episodic Rewards.
This metric reflects training performance and stability.
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Figure 4.4: A. MPE-Tag Env., B. MPE-Adversary Env. Dashed lines indicate
possible agent trajectories. C. Q-value Map. At convergence to a near Nash equilibrium,
ego agents exhibit coordinated behaviors with diverse roles e.g., one agent advances toward
the goal while the other acts as a decoy to distract or mislead the adversaries.

formance, successfully learning cooperative behaviors. Figure 4.4 shows the Q-value map,
where one ego agent acts as a decoy to distract the adversary while the other reaches the
goal.

Robustness to Unseen Opponents. We evaluate robustness via cross-play matchups
between all models (Tables 4.3 and 4.4). In the MPE-Adversary task, an ego win is
recorded when the agent reaches the true goal without being caught; an adversary win
occurs if it intercepts the goal-directed ego (catching a decoy still counts as failure), and a
draw otherwise. In the MPE-Tag task, the ego wins by successfully evading all adversaries,
otherwise the adversaries win. DiffFP consistently outperforms baselines when acting as
the ego agent. When playing as the adversary, it improves baseline win rates and increases
the number of draws, indicating strong generalization to unseen opponents.

Population-Based Hardening. In the MPE-Adversary task, we evaluate against SACPBT
(SAC with Population-Based Training) [14], which introduces two additional adversaries
preventing ego from overfitting to a single strategy. This not only results in stronger ad-
versaries, achieving a 90% improvement over SACFP in the adversary role against DiffFP,
but also increases training diversity. However, we observe that DiffFP, even without PBT,
performs comparably against SACPBT, indicating its robustness to increasingly complex
adversaries while avoiding the added computational cost.
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Ego Adv Ego Wins Adv Wins Draws

Games where DiffFP is Ego

DiffFP SACFP 79 10 11

DiffFP TD3FP 75 11 14

DiffFP QSMFP 75 12 13

Games where DiffFP is Adversary

SACFP DiffFP 62 (17↓) 16 (6↑) 22 (11↑)
TD3FP DiffFP 50 (25↓) 18 (7↑) 32 (18↑)
QSMFP DiffFP 63 (12↓) 27 (15↑) 10 (3↓)

Table 4.3: Robustness Against Unseen Opponents. Head-to-head evaluation in the
MPE-Adversary environment. Colored numbers indicate relative gains (↑) or losses (↓)
when ego and adversary roles are swapped.

When Q-Value-Based Methods Excel. In the MPE-Tag setting, baseline perfor-
mance is comparable to that of DiffFP, particularly in the case of adversaries. This is
expected, as we employ a team-centralized training setup. Given the structure of the
Tag game with a single ego agent and three adversaries the setting effectively resembles
a population-based hardening variant of 1v1 predator-prey game, which encourages the
emergence of more robust behaviors. Additionally, Q-mode-seeking models tend to per-
form well as adversaries; with more samples, the estimation error in the Q-value function
is reduced, improving overall adversarial performance (as seen in QSMFP).

4.4.4 Discussion - Why Diffusion Policies?

In imperfect information games optimal strategies are often stochastic and multimodal.
We highlight several key advantages of diffusion-based policies in this context:

• Multimodal Best Responses: Optimal behavior often involves stochastic mixtures
over diverse actions. Traditional unimodal policies (e.g., Gaussian actors) tend to
collapse to a single dominant mode, whereas diffusion policies naturally support
multimodal action distributions, enabling richer and less predictable behaviors that
are harder to exploit.

• High-Entropy Stochasticity: Diffusion models maintain high-entropy policies
through sampling-based generation (equation 4.9). Unlike Gaussian policies, which
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Ego Adversary Ego Wins Adv Wins

DiffFP SACFP 81 19

DiffFP TD3FP 89 11

DiffFP QSMFP 64 36

SACFP DiffFP 75 25 (6↑)
TD3FP DiffFP 66 34 (23↑)
QSMFP DiffFP 68 32 (4↓)
QSMFP SACFP 66 34

SACFP QSMFP 42 58 (24↑)

Table 4.4: Robustness Against Unseen Opponents. Head-to-head evaluation in the
MPE-Tag environment. Colored numbers indicate relative gains (↑) or losses (↓) when
ego and adversary roles are swapped.

inject noise post hoc and often sacrifice action quality, diffusion models produce
diverse yet high-quality actions directly via denoising steps.

• Adversarial Robustness via Distributional Smoothing: The iterative denois-
ing process inherently regularizes against adversarial perturbations in the input space,
noisy observations or adversarial behaviors leading to improved robustness under co-
variate shift and test-time opponent variability.

45



Chapter 5

Conclusion

This thesis explores the challenges and opportunities of using generative models not only
to represent behaviors but also to perform long-horizon planning and decision-making in
reinforcement learning domains. We focus on two settings:

• In the long-horizon tasks, we studied how to plan and reason from demonstrations
using a generative model that jointly captures the structure of subgoals, actions, and
task progression. This led to the development of GenPlan, a discrete energy-guided
diffusion model that iteratively denoises trajectory sequences to solve long-horizon
planning problems.

• In the multi-agent systems, we tackled the problem of learning policies in continuous
zero-sum games from scratch. We introduced DiffFP, which frames best-response
learning as a diffusion policy optimization problem within the Fictitious Play (FP),
achieving multimodal strategy discovery and robust convergence toward equilibrium.

Across both settings, this thesis demonstrates that integrating expressive generative
models into planning or fictitious play frameworks enables scalable and adaptable decision-
making. Extensive evaluations validate our methods’ ability to generalize to novel tasks,
stabilize training, and outperform competitive baselines in both single-agent and multi-
agent domains.

This viewpoint opens several exciting research directions at the intersection of gener-
ative modeling and decision-making. One such direction is the development of amortized
adaptive planners that enable test-time flexibility, allowing the planner to dynamically
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adjust its optimization steps based on the current context or task difficulty. This could be
especially powerful in scenarios with limited compute or time budgets, enabling planners
to trade off between speed and precision on-the-fly.

Another promising avenue is planning in abstracted spaces, where generative models
operate over high-level representations rather than raw state-action sequences. Such ab-
straction improves scalability and facilitates generalization across structurally similar but
semantically distinct tasks. In robotics, for example, it enables reasoning over high-level
predicates like “Will I reach a particular state?” without requiring precise temporal align-
ment or trajectory matching. This temporal abstraction is particularly well-suited for
goal-conditioned reasoning as seen in GenPlan evaluations.

Moreover, generative models can learn structured latent dynamics that capture un-
derlying regularities, making it possible to switch between modes of behavior or policies
in environments with hybrid dynamics (e.g., contact-rich manipulation or mode-switching
locomotion). These representations naturally support constraint-aware planning, where
traditional optimization-based approaches often struggle due to non-differentiable objec-
tives or high-dimensional discontinuities.

Together, these directions point toward a future where generative models serve not just
as imitation engines, but as foundation models for decision-making—amortizing computa-
tion, enabling abstraction, and scaling to increasingly complex real-world domains [40, 18].

Limitations. While the proposed methods demonstrate strong empirical performance,
there remains considerable scope for improvement. In GenPlan, the entropy constraint β,
which governs action diversity, is manually tuned a more principled, learnable alternative
could improve adaptability across tasks. The framework also assumes access to near-
optimal demonstrations during training. Although early results suggest some robustness to
sub-optimal data, broader validation is necessary. In the multi-agent setting, DiffFP relies
on short-term utility signals for reward, which may fail to capture long-horizon strategic
value. Moreover, the learned diffusion policies lack explicit control over behavioral styles
(e.g., aggressive vs. defensive), limiting both safety and interpretability in safety-critical
or socially interactive scenarios.

Future Directions. To extend this line of work, we identify several promising directions:

• Online Fine-Tuning. Incorporating online fine-tuning methods, such as Hindsight
Experience Replay [25], could enable GenPlan to adapt more effectively through
real-world interactions. This approach bridges the gap between offline imitation and
reinforcement learning while reducing sensitivity to hyperparameters.
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• Improved Learned Planning Algorithms. Incorporating trajectory-level re-
wards and classical planning priors into DiffFP could enhance strategic depth, safety,
and policy interpretability. While iterative denoising serves as one approach to imple-
menting generative planning, future work could investigate tighter integration with
system dynamics, structured constraint solvers, or tree-based sampling methods to
improve coverage and ensure global consistency in the generated trajectories.

• Amortized and Adaptive Planning. Test-time planning remains computation-
ally expensive. A promising direction is to amortize planning into a policy that
executes efficiently under nominal conditions, while reverting to full planning only
in novel or uncertain scenarios. Developing a robust mechanism to switch between
these modes remains a key open challenge.

• Generalization via Foundation Dynamics Models. Traditional motion plan-
ning and control approaches often struggle to model hybrid dynamical and contact-
rich systems due to non-differentiable objectives and high-dimensional discontinu-
ities. Generative models, however, can capture combinatorial contact interactions
and represent mode transitions through latent dynamics, enabling smooth and ro-
bust transitions across diverse and a priori unseen mode-specific behaviors.

In summary, this thesis makes a case for generative modeling not only as a representational
tool, but as a substrate for decision-making itself unifying learning, reasoning, and acting
within a single probabilistic framework.

Broader Impact. Iterative reasoning and self-play strategies extend naturally to other
modalities, such as language and vision. For example, energy-based formulations can cap-
ture and compose semantic concepts (e.g., “smiling” + “male”) to drive image generation
toward mode-specific, controllable outputs, while self-play paradigms can enhance robust-
ness and generalization in language models by enabling them to critique and refine their
own outputs.
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Open Source

Open Source Implementations

Code to reproduce the results in this thesis is available at the following webpages:

• Chapter 3: https://github.com/CL2-UWaterloo/GenPlan

• Chapter 4: https://github.com/CL2-UWaterloo/DiffFP

Code References

The following libraries were used in this work: NumPy [34], PyTorch [62], JAX [3], einops
[69], Gym [4], minGPT [44], and Diffusion Models in PyTorch [13, 86].
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Virtanen, David Cournapeau, Eric Wieser, Julian Taylor, Sebastian Berg, Nathaniel J.
Smith, Robert Kern, Matti Picus, Stephan Hoyer, Marten H. van Kerkwijk, Matthew
Brett, Allan Haldane, Jaime Fernández del Ŕıo, Mark Wiebe, Pearu Peterson, Pierre
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Appendix A

Planning with Discrete Diffusion -
Details

Organization of Appendix. The Appendix is organized as follows: Appendix A.1
provides implementation details for the BabyAI environment. This is followed by additional
results and discussions in Appendix A.2. Details of the continuous tasks are outlined in
Appendix A.3, while Appendix A.4 includes further experiments on zero-shot adaptation
to different tasks in MetaWorld. Finally, Appendix A.5 briefly discusses sampling and the
choice of the rate matrix in Algorithm 2. This appendix expands upon the supplementary
material from our work presented at the AAAI Conference on Artificial Intelligence [47].

A.1 BabyAI Implementation Details

A.1.1 Input and Networks

The various inputs and their corresponding dimensions are presented in Table A.1 for
the BabyAI environments. We construct GenPlan following the transformer architecture
(with bi-directional masks) described in [13]. The inputs to the model include token
embeddings for observations, states, and actions, which are generated through specific
mappings. Detailed illustrations of these mappings can be found in Figures 3.2 and A.4.

FiLM(Ictx, sctx, ξ, t, k)→ toko fθs(s
t
k)→ toks fθa(atk)→ toka

The observation token toko is obtained from the panoramic image I, state sctx, instruction
ξ, and timestep t in the Continuous-time Markov chain (CTMC). The FiLM (Feature-wise
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Linear Modulation) function [63] transforms these inputs into an observation embedding.
Note that, in the case of a masked or corrupt state, these observation tokens are set to a
synthetic mask state during training. We follow the same instruction encoder as used in
the BabyAI agent model [12]. The context length, ctx (see Table A.3), acts as a memory
for the agent and provides past trajectories of length ctx. This embedding, along with
the corrupted state stk and action atk tokens generated by the embedding networks fθs
and fθa , is fed into the transformer’s decoder stack. The transformer’s cross-attention
mechanism is employed in this joint denoising process. The decoder then predicts the
true labels s1, g1, and a1, with the observation tokens guiding the denoising process
(Figure 3.2). Consequently, we have H + 1 tokens in the cross-attention module, where
the +1 corresponds to the CTMC timestep-based embedding, and 2H tokens serve as
input to the transformer’s decoder block. Further details on the input dimensions and the
architecture are provided in Table A.2.

Input Vector Space Description

Image I RS×S×3 Symbolic representation of env. S (size of env.)
State stk R3 Tuple corresponding to < x, y, dir >
Goal gtk RΠ×2 No. of goals (Π), each with x, y positions
Instructions ξ — Task-specific instructions
Actions atk R6 Discrete set of actions available

Table A.1: Offline data. All of these components are mapped to a latent embedding, as
shown in Figure 3.2B.

A.1.2 Environments

Detailed settings for the BabyAI environments are provided in Table A.4. We evaluate
across three task paradigms as described in Section 3.4.1, with tasks in Instruction Com-
pletion (IC) and Adaptive Planning (AP) being particularly challenging. For instance,
in the BlockUnlock task, the agent must first remove an obstacle by picking it up and
repositioning it, then retrieve a key to unlock the door, and finally navigate to the goal,
which is always located in the locked room. Due to the order-critical nature of these tasks,
we observe that only GenPlan succeeds, while other baselines fail. Similarly, in AP tasks,
the agent must generalize to more complex environments than those encountered during
training. For further details, refer to Figures A.1, A.2, and A.3.
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go to the red key and go to the
yellow box

go to the red keygo to the yellow box and red
ball

goto the yellow box

GoToObjMazeS4G1 GoToObjMazeS4G2 GoToObjMazeS7G1 GoToObjMazeS7G2

Figure A.1: Trajectory Planning (TP). The agent is randomly initialized and must navigate
through a maze-like environment to reach the goal(s). In each evaluation, the map layout, the
agent’s initial position, and goal positions are varied. Note that in the case of GenPlan, the agent
does not have access to the ground truth goal positions, whereas other baselines do.

go to the ballgo to the boxopen the green door, then open
the yellow door

go to the yellow box

DoorsOrder BlockUnlock KeyCorridorS3R3 GoToObjMazeS4G1Close

Figure A.2: Instruction Completion (IC). These tasks are more complex than Trajectory
Planning (TP), requiring the agent to perform additional actions such as pickup, drop, and open
in addition to navigation. For example, in DoorsOrder , the agent must open the specified doors
in the correct order without accidentally entering other rooms.

go to the purple box and go to a
red box

go to the yellow box go to the yellow box go to the red ball and go to the
yellow box

go to the purple box

Train Demonstration GoToLocalS10N10G2 GoToObjMazeS4N3G1 GoToObjMazeS4N3G1Close GoToObjMazeS4N3G2

Test Environments

go to a box and go to the blue
key

go to a box and go to the blue
key

Train Demonstration
Test Environment
GoToSeqS5R2Un

Figure A.3: Adaptive Planning (AP). The model is trained on simpler tasks and tested for
adaptability by progressively increasing task difficulty. In GotoObjMazeClose and GoToSe-
qUn , we evaluate whether the model can demonstrate novel skills, such as unblocking obstacles
and opening doors.
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Hyperparameter Value

Number of layers 4
Number of attention heads 4
Embedding dimension 128
Batch size 64
Image Encoder nn.Conv2d
Image Encoder channels 128, 128
Image Encoder filter sizes 2× 2, 3× 3
Image Encoder maxpool strides 2, 2 (Image Encoder may vary a little

depending on the environment size)
Instruction Encoder nn.GRU
Instruction Encoder channels 128
State Encoder nn.Linear
State Encoder channels 128, 128, 128
Max epochs 400
Dropout 0.1
Learning rate 8 ∗ 10−4

Adam betas (0.9, 0.95)
Grad norm clip 1.0
Weight decay 0.1
Learning rate decay Linear warmup and cosine decay (see code for details)

Table A.2: Hyperparameters of GenPlan for BabyAI experiments.

A.1.3 Baseline Models

We use the official implementations of LEAP [10] and Decision Transformer (DT) [11].
To enable these methods to handle multi-task missions which otherwise fail to generalize
to novel goals (e.g., repeatedly predicting corner cells) we augment each baseline with
simulator-based goal-conditioning. Specifically, the BabyAI simulator provides both the
final goal and intermediate sub-goals for goal-conditioned planning. All models are then
trained end-to-end.
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GenPlan LEAP
Env Context Plan Iteration Entropy Iteration

GoToObjMazeS4G1 1 10 5 0.3 10
GoToObjMazeS4G2 1 10 5 0.3 10
GoToObjMazeS7G1 1 20 10 0.3 50
GoToObjMazeS7G2 1 20 10 0.3 50
GoToObjMazeClose 1 10 5 0.3 10
DoorsOrder 1 10 5 0.3 10
BlockUnlock 10 30 15 0.3 50
KeyCorridorS3R3 10 30 15 0.3 50
GoToLocalS10N10G2 1 10 5 0.7 10
GoToObjMazeS4N3G1 1 10 5 0.7 10
GoToObjMazeClose 1 10 5 0.7 10
GoToObjMazeS4G2 1 10 5 0.7 10
GoToSeqS5R2Un 1 20 10 0.7 40

Table A.3: Training Configurations. For most tasks, planning is based solely on the
current state observation and aims to plan for H steps. However, for KeyCorridor and
BlockUnlock , which involve complex sub-tasks and require memory to track completed
tasks, context is used.

A.2 Additional Results and Discussion

We present additional experiments to further evaluate GenPlan’s capabilities across diverse
scenarios. These include analysis of convergence rates and entropy, as well as performance
in stochastic environments and with sub-optimal data. Together, these studies offer deeper
insights into GenPlan’s generalizability, robustness, and adaptability to complex tasks.

Rate of Convergence. With the masking interpolant, the model easily identifies which
indices are corrupted, simplifying training and yielding faster convergence. We report
the correct action rate (i.e., the proportion of the corrupted trajectory that the model
can recover) and observe that masked denoising converges much faster (see Figure A.5A).
Consequently, the masked tokens receive the lowest attention scores. In contrast, with the
uniform interpolant it is harder for the model to determine which tokens are corrupted,
leading to slower convergence.

Entropy. Continuing our discussion in Section 3.4.1, we report success rates as a function
of the entropy lower bound (see Figure A.5B). For TP and IC tasks, entropy levels above
0.3 offer minimal benefit. In contrast, for AP tasks we set the entropy bound to 0.7,
which promotes task discovery (i.e., performing novel actions absent from the dataset).
Notably, GenPlan leverages this higher entropy to introduce novel actions at high-energy
token indices, enhancing its planning capability.
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Task Env Size # Room # Obs Door Unblocking Max Steps

Task Planning (TP)

GoToObjMazeS4G1 10× 10 9 4 Open No 399
GoToObjMazeS4G2 10× 10 9 4 Open No 499
GoToObjMazeS7G1 19× 19 9 7 Open No 699
GoToObjMazeS7G2 19× 19 9 7 Open No 999

Instruction Completion (IC)

GoToObjMazeClose 10× 10 9 4 Closed No 499
DoorsOrder 13× 13 9 0 Closed No 144
BlockUnlock 8× 8 2 2 Closed Yes 399

KeyCorridorS3R3 7× 7 6 2 Closed No 499

Adaptive Planning (AP)

GoToLocalS10N10G2 10× 10 10 4 Open No 299
GoToObjMazeS4N3G1 10× 10 9 4 Open No 499

GoToObjMazeClose 10× 10 9 4 Closed No 499
GoToSeqS5R2Un 9× 9 4 5 Closed Yes 499

Table A.4: BabyAI environment setting details.

GenPlan

Past Context (History, if
available)

Init. corrupt traj.
Iteratively Recover

Clean Traj.

Want to recover
actions

Figure A.4: GenPlan I/O. During planning, the model takes in a corrupted trajectory
along with the current state and past observations (if available), and iteratively recovers
the clean trajectory.

Stochasticity in Environments. In this setup, the agent operates in an environment
where there is a 20% chance that its chosen action (e.g., “left” or “right”) will be randomly
remapped to any other action with uniform probability. To handle this stochasticity, we
replan after each step using single-step rollouts, unlike the multi-step rollouts used in
Tables 3.1 and 3.2. We apply the same replanning strategy to all baseline models for a fair
comparison.

The results in Table A.5 show that GenPlan performs on par with baseline methods
in stochastic environments, where both use feedback at each step. However, in adaptive
environments, even with feedback, the baseline model (DT) fails, while GenPlan and LEAP
succeed.

Context Length. We use context length as a memory mechanism for tracking completed
sub-goals, which is primarily beneficial in tasks like KeyCorridorS3R3 and BlockUn-
lock (Table 3.1). While most TP tasks and multi-objective IC tasks operate under a
Markovian assumption, these tasks involve complex sub-tasks requiring memory to track
progress. Context-based planning is also enabled for baselines (see Figure A.4)
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(A) (B)

Figure A.5: GenPlan Configurations. (A) Training progression of GenPlan, showing
that GenPlan-M converges faster than GenPlan-U. (B) Success rate as a function of en-
tropy.

Env GenPlan-M LEAP DT

GoToObjMazeS7G1 (TP) 48% 18% 52%

GoToObjMazeS4N3G1 (AP) 54.8% 52% 23.2%

Table A.5: Stochastic Environments. Success rates of models in task planning and
adaptive environments using single-step rollouts to account for stochasticity.

Time considerations. We observe that due to the Masked Language Model (MLM)
objective in LEAP, they must sequentially mask each action, which is time-consuming.
Additionally, gradients are updated only after accumulating losses from all action tokens
in the horizon, making the process memory-intensive. In contrast, GenPlan controls the
number of masked tokens using the CTMC timestep t, eliminating the need for sequential
masking and saving significant time. Although GenPlan is slightly slower than DT due
to its iterative inference process and the bi-directional mask loss taking longer than the
causal masks in DT, it still performs within a reasonable time frame. The total training
and inference times are reported in Table A.6.
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Mode Env GenPlan-M LEAP DT

Train
GoToObjMazeS4G2 34m 5hrs 30min
GoToObjMazeS7G2 1hr 3min 6hrs 57min

Eval
GoToObjMazeS4 3mins 10min 2min
GoToObjMazeS7 18min 36min 10min

Table A.6: Time Considerations. Comparison of training and evaluation times across
different environments and methods. Training is performed with a batch size of 64 over
500 epochs, while evaluation is conducted across 250 environments.

Instructions Ablation. We observe that image inputs play a significant role in learning
goal distributions. The training data comprises standalone examples of single goals or skills,
while testing involves skill chaining based on prompts in a fully observable environment.
GenPlan addresses these challenging tasks by learning energy landscapes and employing
Discrete Flow Model (DFM) sampling.

Prompts are essential in instruction-completion tasks. Procedurally generated by Min-
iGrid environments, these prompts are available during both training and testing phases.
To evaluate their significance, we ablate the instruction embeddings, which are key to in-
struction completion as seen in Table A.7. While the primary focus of this work is to adopt
discrete representations for planning with sub-tasks, language grounding is left for future
exploration.

Environment Success Rate Reduction
Doors Order (IC) 22% 13.2% ↓
GoToLocal10G2 (AP) 73% 15% ↓

Table A.7: Instruction Prompt Ablation. We ablate the instruction embeddings from
the input to assess their significance, as evidenced by the reduction in success rates across
environments.

Suboptimal Data. We evaluate our model’s performance when trained on suboptimal
data and observe that GenPlan-M retains its generalization capability, whereas DT fails to
adapt effectively. We hypothesize that GenPlan’s iterative energy-minimization objective
enables it to compose suboptimal trajectories, thereby recovering longer-horizon behaviors
from sub-optimal trajectories.
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Environment
Optimal Data Suboptimal Data (25%)

GenPlan-M DT GenPlan-M DT
GoToObjMazeS4G1 62% 44% 55.2% 44%
GoToObjMazeS7G1 44.8% 40% 38.8% 15.2%

BlockUnlock 16% 0% 8% 0%

Table A.8: Performance with Suboptimal Trajectories. We introduce 25% random
actions into the training data to simulate suboptimal trajectories. Despite this, GenPlan-
M demonstrates robust generalization, outperforming DT across all environments.

A.3 Continuous Tasks Implementation Details

Simulation Setup

(i) PushT [22]: The task is to push a T-shaped block to a target pose (position and orien-
tation) using an end-effector controlled by 2D velocity commands. The dataset comprises
206 human demonstrations. Evaluation metrics include final and maximum coverage, mea-
sured by the Intersection over Union (IoU) between the T-block and the target T position.

(ii) Franka Panda Manipulation [30]: A robotic manipulation task using a Franka
Panda arm with a 7D action space, featuring 566 human demonstrations. The dataset
comprises seven subtasks, and each trajectory executes four subtasks in a variable or-
der. At test time, we measure performance by the number of subtasks completed during
an unconditional rollout. Evaluations are performed in both joint-space and state-space
variants.

We compare our approach with VQ-BeT [53], which employs a categorical transformer-
based model to infer action codes, subsequently decoded using a pre-trained motion prim-
itive model (VQ-VAE). In our experiments, we use the same pre-trained motion primitive
but replace the auto-regressive transformer with GenPlan’s objective and sampling process.

A.4 MetaWorld Implementation Details.

We assess the adaptive capabilities of the agents in MetaWorld’s unseen tasks.
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Category Metric MDDT GenPlan-M

In-Dist.
SR 0.88 ± 0.032 0.786 ± 0.104
MR 1566 ± 38.0 1465.66 ± 34.79

Out-Dist.
SR 0.3 ± 0.081 0.333 ± 0.047
MR 617 ± 52.46 620.33 ± 48.58

Table A.9: Quantitative Performance. Comparison between MDDT and GenPlan.
Success rates (SR) and mean rewards (MR) are reported across three unique seeds.

Simulation Setup

Our simulation setup closely follows that of [71], benchmarking GenPlan on MetaWorld
tasks that encompass various robotic manipulation challenges. Both MDDT [71] and Gen-
Plan are trained on five tasks (In-Dist.) and evaluated on nine tasks, including four new
tasks (Out-Dist.) designed to test adaptation. Consistent with the BabyAI experiments,
we directly evaluate zero-shot performance. Each episode consists of 200 timesteps per
task, and we report success rates and mean rewards across Meta-World experiments.

To enable multi-domain learning and task adaptation, the action space is modeled as
a categorical distribution with actions discretized into 64 bins using minmax tokenization,
as in [71]. In MetaWorld, the state and action spaces are consistent across environments
(|S| = 39, |A| = 4). The dataset comprises 10K trajectories per task (length 200) collected
by task-specific Soft Actor Critic (SAC) agents, featuring behavior ranging from random to
expert-level. Unlike the near-optimal demonstrations in BabyAI, this dataset offers broader
variability. Sequential action prediction with a planning horizon of 1 is employed, which
provides feedback at each step and improves adaptive performance. The environments are
detailed in Table A.10.

Rollout. During evaluation, actions are sequentially predicted token by token to fill the
4-dimensional action space (|A| = 4). After completing the action, the corresponding
observation is obtained (plan horizon of 1).

Baselines and Results

We follow the pre-processing steps from MDDT [71], with GenPlan utilizing a flow-based
generative loss instead of the auto-regressive loss, as described in Section 3.3. During
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Dataset Evaluation - SR
Task |S| |A| SR Reward GenPlan MDDT

In Dist. Environments
button-press-v2 39 4 1.0 1430.44 0.73±0.11 0.8±0.2
dial-turn-v2 39 4 0.8 1674.29 0.86±0.23 0.93±0.11
disassemble-v2 39 4 1.0 1396.55 0.66±0 0.8±0.2
plate-slide-v2 39 4 1.0 1667.35 1±0 1±0
reach-v2 39 4 1.0 1858.99 0.73±0.11 0.933±0.11

Adaptive Environments (Out Dist.)
reach-wall-v2 39 4 1.0 1831.14 0.86±0.11 0.73 ±0.11
plate-slide-side-v2 39 4 1.0 1663.35 0±0 0±0
button-press-wall-v2 39 4 1.0 1508.16 0.46±0.11 0.4±0.2
coffee-button-v2 39 4 1.0 1499.17 0.13±0.067 0.2±0.2

Table A.10: Dataset and Performance Scores. The agent is trained only on datasets
from the 5 in-distribution environments and evaluated on all nine. Datasets from adaptive
environments are not used.

sampling, return-conditioned sampling [11] is used. While MDDT performs well on in-
distribution tasks, GenPlan demonstrates superior generalization to closely related tasks
(e.g., reach and button tasks) and adapts effectively to variations in orientation or axis
without fine-tuning.

The masking variant of GenPlan benefits from a robust training process and multi-
modality by predicting alternate actions at corrupt timesteps in the trajectory. As a
result, GenPlan achieves slightly better scores in adaptive tasks. For details on datasets
and environments, refer to Appendix A.4. Success rates over 3 seeds are summarized
in Table A.10.

A.5 Rate Matrices and Sampling

Once the denoising model pθ1|t is trained, we can select a rate matrix to simulate the CTMC

for generating samples (see Algorithm 2). [8] proposes the following rate matrix definition
as an initial choice (for simplicity, consider the case where H = 1):

R∗
t (x

t
k, jk|x1k) :=

ReLU
(
∂tpt|1(jk|x1k)− ∂tpt|1(xtk|x1k)

)
Ztpt|1(xtk|x1k)

,
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t k1 k2 k3 k4 k5 k6 k7 k8 k9 k10
0.0 6 6 6 6 6 6 6 6 6 6
0.2 1 6 6 0 6 5 6 6 6 6
0.4 1 6 6 0 6 5 6 6 2 6
0.6 1 5 6 0 6 5 6 6 2 6
0.8 1 5 0 0 2 5 1 1 2 2
1.0 1 5 0 0 2 5 1 1 2 2

Table A.11: Masking Interpolant. The
sample is initialized with the mask state
(represented by 6) and iteratively denoised
to obtain the clean sequence (in green).

t k1 k2 k3 k4 k5 k6 k7 k8 k9 k10
0.0 3 5 4 3 2 4 1 2 0 2
0.2 3 5 4 0 2 4 1 2 0 2
0.4 3 5 4 0 2 4 1 2 2 2
0.6 1 5 0 0 2 4 1 1 2 2
0.8 1 5 0 0 2 5 1 1 2 2
1.0 1 5 0 0 2 5 1 1 2 2

Table A.12: Uniform Interpolant. The
sample is initialized with uniform noise (in
red) and iteratively denoised to obtain the
clean trajectory (in green).

where ReLU(a) = max(a, 0) and Zt is the number of states with non-zero mass at t, de-
fined as Zt = |{xtk : pt|1(x

t
k|x1k) > 0}|. Note that R∗

t (x
t
k, jk|x1k) = 0 when pt|1(x

t
k|x1k) = 0 or

pt|1(jk|x1k) = 0. Additionally, when xtk = jk, we haveR∗
t (x

t
k, x

t
k|x1k) = −

∑
jk ̸=xtk

R∗
t (x

t
k, jk|x1k).

To ensure that the rate matrix R∗
t is well-defined and maintains the flow of probability

mass between states, we assume that pt|1(x
t
k|x1k) > 0. This assumption is crucial because

it ensures that the state xtk is “alive” and carries some probability mass at time t. If
pt|1(x

t
k|x1k) = 0, then R∗

t (x
t
k, jk|x1k) would either be undefined or forced to be zero, as the

state would be considered “dead,” unable to either receive or provide any mass. Without
this assumption, a state could demand incoming mass without being able to reciprocate,
violating the consistency of the conditional flow process and the Kolmogorov equation.
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