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Abstract

Many real-world decision-making problems are combinatorial in nature,
where states (e.g., surrounding traffic of a self-driving car) can be seen
as a combination of basic elements (e.g., pedestrians and trees). Due to
combinatorial complexity, observing all combinations of basic elements in
the training set is infeasible, which leads to an essential yet understudied
problem of zero-shot generalization to states that are unseen combina-
tions of previously seen elements. In this work, we first formalize this
problem and then demonstrate how existing value-based reinforcement
learning (RL) algorithms struggle due to unreliable value predictions in
unseen states. We argue that this problem cannot be addressed with
exploration alone, but requires more expressive and generalizable models.
We demonstrate that behavior cloning with a conditioned diffusion model
trained on expert trajectories generalizes better to states formed by new
combinations of seen elements than traditional RL methods. Through
experiments in maze, driving, and multiagent environments, we show that
conditioned diffusion models outperform traditional RL techniques and
highlight the broad applicability of our problem formulation.

Although diffusion models have achieved strong generalization in decision-
making tasks, their slow inference speed remains a key limitation. While
the consistency model offers a potential solution, its applications to
decision-making often struggle with suboptimal demonstrations or rely
on complex concurrent training of multiple networks. In this work, we
propose a novel approach to consistency distillation for offline reinforce-
ment learning that directly incorporates reward optimization into the
distillation process. Our method enables single-step generation while
maintaining higher performance and simpler training. Empirical eval-
uations on the Gym MuJoCo benchmarks and long horizon planning
demonstrate that our approach can achieve an 8.7% improvement over
previous state-of-the-art while offering up to 142x speedup over diffusion
counterparts in inference time.

Together, this thesis presents diffusion models as a fast and generalizable
model for decision-making tasks.



vi



Acknowledgments

I would like to express my deepest gratitude to my advisor, Professor Jeff
Schneider, for his constant support, insightful guidance, and invaluable
feedback throughout my research journey. I am also sincerely thankful
to my thesis committee, Professor Guanya Shi and Mihir Prabhudesai
for their valuable time and thoughtful feedback. I want to thank my
collaborators, Yutong He, Fahim Tajwar, and Wenze Chen, for their
inspirational discussions, which have helped shape many of the ideas in
this thesis. This work would not have been possible without their guidance
and support. Finally, I am profoundly grateful to my family and friends
for their constant support, patience, and encouragement.

Vil



viil



Funding

This work was supported by DSTA.

X






Contents

1 Introduction 1

2 State Combinatorial Generalization In Decision Making With

Conditional Diffusion Models 3
2.1 Motivation . . . . . . . ... 3
2.2 Problem Formulation . . . . . . ... ... ... ... .. ... .. 6
2.2.1 States Formed by Element Combinations . . . . . . .. . ... 6
2.2.2  Generalization on Probability Space Support . . . . . . . . .. 7
2.2.3 Constraint for OOC Generalization . . . . . .. ... ... .. 8
2.3 Why traditional RL fails . . . . . ... .. ... .. ... ... ..., 8
2.3.1 RL and expected reward estimation . . . . . . ... .. .. .. 8
2.4  Why Diffusion Models Can Generate OOC Samples . . . . . . . . .. 10
2.4.1 Diffusion Models . . . . . . .. .. ... 10
2.4.2 0OO0OC Generalization in Diffusion Models . . . . . . . . .. .. 10
2.5 Conditioned Planning with Diffusion . . . . .. ... ... ... ... 12
2.5.1 0OOC States Lead to Future OOC States . . . . ... ... .. 12
2.5.2  Conditional Diffusion for Trajectory Prediction . . .. .. .. 12
2.6 Experiments . . . . . . ... L 13
2.6.1 Experiment Setup . . . . . .. . ... ... ... 13
2.6.2 Single-agent Environment . . . . . ... ... 000 13
2.6.3 Multi-agent Environment . . . . . .. ... o000 15
2.6.4 How Do Conditional Diffusion Models Generalize to OOC States? 16
2.7 Ablations . . . . . .. 17
2.7.1 Necessity of Combinatorial Inductive Bias . . . . . .. .. .. 18
2.7.2 Model Architecture: Attention vs Concatenation . . . . . . . . 19
2.8 Conclusion . . . . . . . . 19
3 Accelerating Diffusion Models in Offline RL via Reward-Aware
Consistency Trajectory Distillation 21
3.1 Motivation . . . . . . . .o 21
3.2 Background . . .. .. ..o 23
3.2.1 Problem Setting . . . . . .. ... o 23
3.2.2 Diffusion Models . . . . . .. ... ... . 24
3.2.3 Consistency Trajectory Distillation . . . . . .. ... ... .. 25

el



xil

3.3 Method . . . . . . 27

3.3.1 Motivation and Intuition . . . . . . .. ... ... 27
3.3.2 Modeling Action Sequences . . . . . ... .. ... ...... 28
3.3.3 Reward-Aware Consistency Trajectory Distillation . . . . . . . 28
3.3.4 Decoupled Training . . . . . . . ... .. ... 29
3.3.5 Reward Objective as Mode Selection . . . . .. .. ... ... 30
3.4 Experiment . . . .. ... 31
34.1 OfflineRL . . ... ... . 31
3.4.2 Long Horizon Planning . . . . . . ... ... .. ... ..... 32
3.4.3 Inference Time Comparison . . . . . . ... .. .. ... ... 33
3.5 Ablation Study . . . . .. ... 34
3.5.1 Impact of Reward Objective . . . . . . . ... ... ... ... 35
3.5.2 Effect of Reward Objective Weights . . . . . . . .. ... ... 35
3.5.3 Number of Sampling Steps . . . . . . .. .. ... ... .... 36
3.6 Related Work . . . . . . ..o 36
3.7 Conclusion . . . . . . . ... 37
Conclusions 39

State Combinatorial Generalization In Decision Making With

Conditional Diffusion Models 41
A.1 Related Work . . . . . . ... 41
A.1.1 Generalizationin RL . . . . ... ... ... ... .. ..... 41
A.1.2 Combinatorial Generalization in Computer Vision . . . . . . . 42
A.2 Proof of Corollary 5.1 . . . . . . . . .. ... ... 43
A.3 Additional Visualization of Value Function of PPO . . . . . . . . .. 44
A4 Experiment Details . . . . . .. ... oo 45
A.4.1 Hardware and Platform . . . ... ... ... ... ...... 45
A4.2 Statistics. . . . ... 45
A.4.3 Model Architecture . . . . . . .. .. ... 45
A.4.4 Trajectory formulation . . . . .. ... ... 46
A45 Pseudo-code . . . . . . ... 46
A4.6 Maze2D . . . ... 47
A.4.7 Roundabout . . . . ... .. ... ... ... 48
A.4.8 Setup for Roundabout Environment . . . . . . . .. ... ... 49
A49 StarCraft . . .. ... ... .. 53
A.4.10 Model Runtime and GPU Memory . . . . .. ... ... ... 60
A.4.11 Parameter Comparison with Concatenation or Attention . . . 61
A.4.12 Substituting More MAPPO Agents with Diffusion Agents. . . 62



B Accelerating Diffusion Models in Offline RL via Reward-Aware

Consistency Trajectory Distillation 65
B.1 Model Architecture . . . . . . . . . ... ... 65
B.1.1 Model Sizes for Maze2d . . . . ... .. .. ... ... .... 65
B.1.2 Model Sizes for Gym-MuJoCo . . . . . . . .. ... ... ... 65

B.2 Training Details . . . . . . . . . ... o 66
B.2.1 Noise Scheduler . . . . . . ... ... ... ... ....... 66
B.2.2 Reward Discount Factor . . . . . ... ... ... ... .... 66
B.2.3 Weight of Different Losses . . . . . ... ... ... ... ... 67

B.3 More Ablations . . . . . .. ... 68
B.3.1 walker-medium . . . . .. ... ... 68
B.3.2 Comparing with fast sampling algorithms for Maze2d . . . . . 68

B.4 The Trade-off between Mode Selection and Sample Diversity . . . . . 69
B.5 Limitations and Future work . . . . . . . . .. ... ... ... ..., 69
Bibliography 71

When this dissertation is viewed as a PDF, the page header is a link to this Table of Contents.

xiil



List of Figures

2.1

2.2

2.3

2.4

2.5

2.6
2.7
2.8
2.9
2.10

2.11 Improvement percentage over MAPPO for different types of conditioning in SMACv2.

X1iv

Different forms of out-of-distribution states. ﬁ * w are seen base elements and
is unseen base element. Their combination forms the sample space. Classic
distribution shift assumes states to have the same support but different probability
density. We study generalization for out-of-combination states in this work, where
test time state distribution has different and possibly non-overlapping support
compared to e e e e e e e e e e
Expected Q value of CQL and actual return-to-go (RTG) in unsupported states in
Roundabout environment. . . . . . . . .. .0 0oL
Total number of crashes and average reward for BC(MLP), PPO, CQL, and
diffusion model in the testing environment. Results of models with comparable
sizes are shown in Table A.5 to eliminate the concern of different model sizes.
Relative improvement % compared to MAPPO on two SMACv2 scenarios: 3v3 and
5v5. Conditional Diffusion show large improvements over the MAPPO baseline,
specially in the hard scenario, where we train on teams with the same unit type
only but test on random team compositions. Detailed numbers can be found in
Table A.10 and Table A.11. . . . . . . . . . . . . ..o
Rendering of future states predicted by the diffusion model given same initial state
but different conditionings. The grey box is the current state. Blue backgrounds are
conditional on all Squares (long attack range) and pink backgrounds are conditioned
on all circles (short attack range). Smaller sizes represent less shield and health.
More examples shown in Appendix A4.9. . . . . . . . . . ...
train traj . . . . . ..o
ID (Uncond) . . . . . . .. o
OOC (Uncond) . . . .. ..o
cfg=1.3 (Cond) . . . . . . . .

Trajectories generated in Maze2D for large maze. (a) Samples from the training
set. (b) Trajectories directly generated by the unconditioned diffusion model given
in distribution start and end positions. (c¢) Trajectories directly generated by the
unconditioned diffusion model on unseen start and end positions. (d) Trajectories
directly generated by a conditioned diffusion model using 3 waypoints (black dots)
as conditioning with classifier-free guidance (cfg) weight 1.3. For results in medium

maze please refer to Appendix A.4.6. . . . . . . ..o L.

14

18
19



3.1 Overview of Reward Aware Consistency Trajectory Distillation (RACTD).
We incorporate reward guidance with consistency trajectory distillation
to train a student model that can generate actions with high rewards
with only one denoising step. . . . . . . ... ... 23
3.2 Visualization of CTM loss, DSM loss and reward loss. . . .. .. .. 26

3.3 The reward distribution of the D4RL hopper-medium-expert dataset
and 100 rollouts from an unconditioned teacher, an unconditioned
student, and RACTD. . . . ... ... ... ... .. ... ...... 30

3.4 Ablation on reward objective weight. . . . . . ... ... ... 34

A.1 Value prediction of PPO and actual return-to-go (RTG) in unsupported states in

Roundabout environment . . . . . . . . . . . . .. ... 44
A.2 Model architecture. . . . . . .. ... 46
A3 traintraj. . . . . .. 48
A4 ID (Unconditioned) . . . . . .. ... ... 48
A5 OOD (Unconditioned) . . . . .. ... ... ... ... ... ..... 48
A6 cfg=1.3 (Conditioned) . . . .. ... ... ... 48

A.7 Trajectories generated in Maze2D for medium maze. (a) are samples
from the training set. (b) are trajectories generated by the uncondi-
tioned diffusion model given in distribution start and end positions. (c)
are generated by the unconditioned diffusion model on unseen start and
end positions. (d) are generated by a conditioned diffusion model using
3 waypoints (black dots) as conditioning with classifier-free guidance

(cfg) weight 1.3. . . . . . . .. 48
A.13 Distribution of initial state for 3v3 simple scenario . . . . . . . . . .. 56
A.14 Distribution of initial state for 5v5 simple scenario . . . . . . . . . .. 56

A.15 Rendering of future states predicted by the diffusion model given
different conditionings. The grey box is the initial state. Yellow boxes
are conditioned on the type of unit in the initial state. Green boxes
are conditioned on all Triangles. Smaller sizes represent less shield or
health. . . . . . . . . 59

A 16 Success rate vs number of agents in SMACv2 5v5 hard scenario that are replaced

with diffusion agents. Replacing more than one MAPPO agent with diffusion

agents hurts performance. . . . . . . . . . . ... 0L 62
A8 trainenv 1 (cars) . . . . . ... 63
A9 trainenv 2 (bikes) . . . ... 63
AlO0testenv 1 . . . . . . . 63
Aldlltestenv 2 . . . . . . 63

XV



XVvi

A.12 Training and testing environments for Roundabout. The green vehicle
is the ego agent and the blue ones are controlled by the environment.
The large blue box represents a car and the small blue box represents
abicycle. . ..o



List of Tables

3.1

3.2

3.3

3.4

3.5

Al
A2
A3
A4
A5

A6

AT

A8
A9

(Offline RL) Performance of RACTD and a variety of baselines on the
D4RL Gym-MujoCo benchmark. The best score is emphasized in bold
and the second-best is underlined. . . . . . .. ... 32
(Long-horizon planning) The performance of RACTD, Diffuser, and
prior model-free algorithms in the Maze2D environment. The best

score is in bold and the second-best is underlined. . . . . . . . . . .. 33
Wall clock time and NFEs per action for different samplers and Diffuser
on MuJoCo hopper-medium-replay. . . . . . . .. .. .. ... .... 34

We compare incorporating the reward model in different stages of
training on MuJoCo hopper-medium-replay. Results are presented as

the mean and standard error across 100 seeds. . . . . . .. .. ... 35
Inference time, NFE, and score comparison for student model multi-

step sampling on MuJoCo hopper-medium-replay. . . . . . . ... .. 35
Training parameter for diffusion model in Maze2D . . . . . . . . . .. 49
Parameters for car and bicycles in Roundabout environment . . . . . 49
Training parameter for PPO . . . . . . . ... ... 50
Training parameter for diffusion model in Roundabout . . . . . . .. o1
Model size, number of parameters, and performance for different mod-

els. .o o1
Performance of conditioned diffusion model given ground truth and

random conditionings. . . . . . ... ..o 52
MAPPO hyper-parameters used for SMACv2. We utilize the hyperpa-

rameters used in SMACv2 [17]. . . . .. ... ..o 53
Training parameter for diffusion model in StarCraft for 5v5 . . . . . . 54
Training parameter for diffusion model in StarCraft for 3v3 . . . . . . 55

A.10 Success rate of each agent in 100 rounds. The first two rows correspond

to the simple setting of generalization to states with different support
and the last two rows correspond to non-overlapping support. Numbers
in the parenthesis represent the standard error over 3 seeds. The best
performing method is labeled bold. The 2 PPO + 1 Rand column
shows the effect of replacing one PPO trained agent with a random
agent as a baseline for comparison against the 2 PPO -+ 1 Diffusion case. 57

Xvil



A.11 Success rate of each agent in 100 rounds. The first two rows correspond
to the simple setting of generalization to states with different support
and the last two rows correspond to non-overlapping support. Numbers
in the parenthesis represent the standard error over 3 seeds. The best
performing method is labeled bold. The 4 PPO + 1 Rand column
shows the effect of replacing one PPO trained agent with a random
agent as a baseline for comparison against the 4 PPO + 1 Diffusion case. 57

A.12 Ablation for Diffusionon 3v3 . . . . . . . .. ... ... ... .. .. 58
A.13 Ablation for Diffusion on 5v5 . . . . . . ... ... 58
A.14 SMAC IT success rate for 2v2 . . . . . . . . .. ... ... .. 59
A.15 Training time for PPO and conditioned diffusion model in different
environments. . . ... ... ... 60
A.16 GPU Memory for training conditioned diffusion model in different
environments. . . ... L. ... e 60
A.17 Number of parameters in attention-based conditioning and concatenation-
based conditioning. . . . . .. ..o 61
B.1 Model parameters for Unet in Maze2d. . . . . .. ... .. ... ... 66
B.2 Model parameters for Unet in MuJoCo. . . . . . ... ... .. ... 66
B.3 Reward model parameters in MuJoCo. . . . . . ... ... ... ... 67

B.4 Weights for CTM, DSM, and Reward loss used in MuJoCo benchmark. 67

B.5 We compare incorporating the reward model in different stages of
training on MuJoCo walker-medium. Results are presented as the
mean and standard error across 100 seeds. . . . . . .. .. ... ... 68

B.6 We compare fast sampling algorithms DDIM and CTD, along with
our method RACTD on Maze2d environment. DDIM performs fast
sampling based on a DDPM model, while CTD and RACTD (ours)
distill an EDM teacher. The number of function evaluations (NFE)
reflects the sampling speed of each algorithm. Results are reported as

the mean and standard error over 100 random seeds. . . . . . . . .. 68
B.7 A summarization of the trade off between sample diversity and model
performance. . . . . ... 69

XViil



Chapter 1

Introduction

Real-world decision-making tasks often involve environments composed of a combina-
torial set of fundamental elements—such as pedestrians, vehicles, and road features
in driving scenarios. This combinatorial nature poses a significant challenge for
generalization: it is impractical to observe all possible combinations during training.
Humans overcome this by learning how to interact with individual elements and
extrapolating this knowledge to unseen configurations. Inspired by this, we aim
to develop algorithms that generalize to unseen combinations of known elements, a
capability we refer to as out-of-combination (OOC) generalization.

Despite the remarkable success of reinforcement learning (RL) across various
domains, many RL algorithms, especially in offline settings, struggle under distribu-
tional shifts where testing scenarios include novel state compositions not encountered
during training. Prior work has largely overlooked this specific form of generalization,
instead focusing either on in-support distribution shifts or settings that assume access
to unseen elements, which makes the problem ill-posed. In contrast, we formalize and
tackle the OOC generalization problem, offering a setting that is both realistic and
analytically tractable.

In Chapter 2, we propose leveraging diffusion models, which are naturally suited
for capturing compositional structure and modeling complex state distributions to
address this challenge. We show that a conditioned diffusion model can serve as
both a world model and a planner, enabling robust zero-shot generalization in OOC

scenarios across diverse environments, including maze navigation, driving simulations,



1. Introduction

and multi-agent games.

While diffusion models offer strong expressivity and generalization capabilities,
they suffer from high computational overhead due to their iterative sampling pro-
cedures. This limitation hinders their practical deployment in time-sensitive or
large-scale applications. To address this limitation, recent work in image generation
proposed consistency distillation [76], which distills a multi-step diffusion teacher into
a single-step student model while maintaining generation quality.

In Chapter 3, we introduce how to extend consistency trajectory distillation [41] to
offline RL tasks, by explicitly incorporating a reward optimization objective during the
student distillation process. This augmentation encourages the student consistency
model not only to mimic the diverse behaviors of the teacher diffusion model but also
to prefer high-reward trajectories identified by the reward model. Unlike actor-critic
based diffusion methods, our approach decouples the reward model training from the
distillation process, simplifying training while enhancing performance.

Through comprehensive evaluations, we demonstrate that our approach achieves
superior performance and significant acceleration in sampling on offline RL bench-
marks. In particular, our method outperforms state-of-the-art offline RL algorithms on
challenging long-horizon and multi-modal benchmarks, achieving an 8.7% performance
gain and up to 142x speedup in inference.

Together, this thesis contributes to the development of diffusion models that
combine expressiveness for generalization to novel scenarios with the efficiency required

for real-world deployment, supporting fast and generalizable decision-making.



Chapter 2

State Combinatorial Generalization In
Decision Making With Conditional
Diffusion Models

2.1 Motivation

In many real-world decision-making tasks, environments can be broken down into
combinations of fundamental elements. For instance, in self-driving tasks, the sur-
rounding environment consists of elements like bicycles, pedestrians, and cars. Due
to the exponential growth of possible element combinations, it is impractical to
encounter and learn from every possible configuration during training. Rather than
learning how to act in each unique combination, humans instead learn to interact
with individual elements — such as following a car or avoiding pedestrians — and
then extrapolate this knowledge to unseen combinations of elements. Therefore, it
is important to study the generalization to unseen combinations of known elements,
hereafter referred to as the out-of-combination (OOC) generalization, and to develop

algorithms that can effectively handle these unseen scenarios.

Despite the success of reinforcement learning (RL) in decision-making tasks, many
existing RL algorithms, particularly in offline settings, struggle to perform adeptly

under state distribution shifts between training and testing, which typically occur

3
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when the learned policy visits states that differ from the data collection policy at
test time [37, 46, 55, 71]. While there have been works studying this problem, most
of them either (1) focus on distribution shifts where the training and testing sets
share the same support but different probability densities, without accounting for
the presence of entirely new and unseen element combinations |19, 21|, or (2) allow
unseen elements in test combinations, which makes the problem ill-posed without
introducing other potentially unrealistic assumptions |77, 87]. As a result, these works
have failed to recognize and address the critical challenge of generalization to unseen
combinations of seen elements and therefore fail to capture and compose existing

knowledge for these fundamental elements.

In this work, we directly tackle the problem of state combinatorial generalization in
decision-making tasks, where testing states consist of unseen combinations of elements
encountered during training. As illustrated in Figure 2.1, our task differs conceptually
from traditional distribution shift problems. Unlike simple distribution shifts, where
the testing set remains within the support of the training set, our proposed task
requires algorithms to handle out-of-support states that are never seen during training.
This makes our problem both more challenging and more representative of real-world
scenarios. At the same time, our OOC setting is better defined than the unconstrained
out-of-support (OOS) setting, where testing states may include completely arbitrary
unseen elements and therefore is inadequately formulated and intractable without
other potentially impractical assumptions such as the existence of state distance
metrics |77] or isomorphic Markov decision processes (MDPs) [87]|. By focusing on
new combinations of known elements, our setting strikes a balance between real-world
applicability and tractability, making it more suitable for standardized evaluation
and formal analysis.

To facilitate this study, we first provide formal definitions of state combination
and OOC generalization. We then demonstrate the challenge of this task by showing
how traditional RL algorithms struggle to generalize in this setting due to unreliable
value prediction, and the need for a more expressive policy. On the hunt for a
suitable solution, we draw inspiration from the linear manifold hypothesis in diffusion
models [10, 27| and recent advances in combinatorial image generation (62|, and
present diffusion models as a promising direction by showing how they can naturally

account for the combinatorial structure of states into the diffusion process, enabling

4
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Figure 2.1: Different forms of out-of-distribution states. ﬁ * T are seen base elements and

t is unseen base element. Their combination forms the sample space. Classic distribution shift
assumes states to have the same support but different probability density. We study generalization
for out-of-combination states in this work, where test time state distribution has different and
possibly non-overlapping support compared to

them to sample OOC states. Furthermore, we analyze how this feature enhances
world model predictions and propose leveraging a conditioned diffusion model to

simultaneously serve as both a world model and a planner for this task.

Experimentally, we evaluate the models on three distinctly different RL environ-
ments: maze, driving, and multiagent games. All three settings are easily adaptable
to the OOC generalization problem using existing RL frameworks, demonstrating the
broad applicability of the combinatorial state setup. We demonstrate behavior cloning
(BC) with a conditioned diffusion model outperforms not only vanilla BC and offline
RL methods like CQL [43] but also online RL methods like PPO [72] in zero-shot
OOC generalization. To explore factors contributing to its generalization, we visualize
the states predicted by the conditioned diffusion model. Our results demonstrate that
the model effectively captures the core attributes of each base element and accurately
composes future states by integrating these fundamental attributes. We demonstrate
that, while exploration is commonly used to enhance model generalization, zero-shot

OOC generalization relies instead on the use of a more expressive policy.
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2.2 Problem Formulation

In this section, we formally define the problem of state combinatorial generalization
by providing definitions for state combination and identify out-of-combination gen-
eralization as a problem for generalization to different supports in the same sample

space.

2.2.1 States Formed by Element Combinations

Following Wiedemer et al. [82], we first denote e € E to be a base element for an
environment. A base element is defined to be the most elementary and identifiable
element that is relevant to the decision making task of interest. For example, in
a traffic environment, the set E can be the set of vehicles that can occur in the
environment such as {car, bike}; and in a 2D maze environment, the set E can be
the set of possible locations labeled by the z, y-axis coordinate of the agent, i.e. R2.
Suppose there are a finite number of n base elements in an environment. Since these
elements are the fundamental components relevant to the decision making task, we
can form a latent vector z = (z1, 29, ..., 2,) € Z =E", where z; e EVi € {1,...,n}
that represents the combination of all rudimentary components appearing in this
environment related to the decision making task.

Each element can also be associated with a collection of attributes r such as the
color of the vehicle and the velocity of the agent. Attributes can be used to render the
states and the rendering function f(z,(ry,7r2,...,7,)) can then map the latent and
the attributes to a state s € S. In the traffic environment example, f is equivalent
to reconstructing the cars and the bikes given their colors and positions, etc. All
reconstructed base elements collectively determine a state s. Concretely, we provide
the following definition:
Definition 2.2.1 (States and latent vectors). For any state s with n base ele-
ments in state space S and rendering function f, we have s = f(z,(r,72,..., 7))
where the corresponding latent vector z in latent space Z = E" for s is z =
(21,22, ...,zn) where z; e Efori=1,...,n.

With our definition of base elements and states, the combinatorial property of

states naturally follows as the composition of different base elements in the latent
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space.

Notice that in practice, for the same environment, one can define different base
element sets depending on the desired granularity of the task. In addition, since we
usually can only obtain observations of the states, in practice we can only extract the

empirical latent vector z from the observation.

2.2.2 Generalization on Probability Space Support

Since we have identified the fundamental elements of the state in the target decision
making task, we can formulate the distribution of states with the probability spaces
of latent vectors. When our base element set is discrete, finite, and countable, the
probability mass function (PMF) p can directly ascribe a probability to a sample in

Z. Then we can define the corresponding probability space as

Definition 2.2.2 (Probability space for discrete latents). Define the sample space Z
as the set of all possible z. o-algebra 3 = 2% is the power set of Z. p: Z — [0,1]
such that > _,p(z) = 1 is the PMF. Then the probability space over the latent
vector z can be defined as P = (Z, 3, p).

When Z is a continuous space, we can also have the correspnding definitions.

Definition 2.2.3 (Probability space for continuous latents). Define the sample
space Z as the set of all possible z. o-algebra ¥ = B(Z) is the Borel set of Z.
p:Z — [0,1] such that [ _, p(z)dz = 1 is the probability dense function (PDF).
Then the probability space over the latent vector z can be defined as P = (Z, %, p).

The support of P = (Z, %, p) can then be defined as supp P := {z € Z : p(z) > 0}.

State combinatorial generalization, or OOC generalization, is then defined as
generalizing to latent probability space with a different support. Denote the latent
probability space of training states as Pyain = (Z, Xirain, Pirain) and testing states
as Piest = (Z, Xiest, Prest), then combinatorial generalization assumes supp{ P qin} 7
supp{ P.est}. That is to say, combinatorial generalization in state space requires
generalizing to a distribution of latent vectors with different, and possibly non-
overlapping support [82]. Whereas traditional distribution shift in RL normally
assumes different PMF or PDF (pyrain # Prest) and generalizing to unseen objects

assumes different element set (Zyyqin # Ziest) as shown in Figure 2.1.
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2.2.3 Constraint for OOC Generalization

One crucial assumption made by OOC generalization is that all base elements are
seen at training time. Recall z = (zl, 29, ey zn) where z; € E for i = 1,...,n. This
indicates that the marginal distribution p(z;) > 0 for all z; at training time, or
equivalently the training probability space has full support over the marginals. For
discrete latent spaces, this also implies that every base element that appeared in
the sample space would appear at least once in one latent feature z. To ensure
full support of base elements, the union of marginal supports at test time should
be a subset of that at training time. Finally, to test generalizability, we assume
supp{ Pirain } ; Z, i.e. the training probability space doesn’t have full support on the
entire latent space.

Constraint 2.2.4 (Combinatorial support). Given probability spaces P = (Z,Xp, p)
and Q = (Z,X, q) over latent vector z = (zl, 29y ey zn) € Z where z; € E for i =
1,...,n, P has full combinatorial support for @ if: |J_{z € E : ¢(z) > 0} C
Ui_o{z € E: p(z) > 0}.

2.3 Why traditional RL fails

Most RL algorithms include estimating the expected cumulative reward of choosing
a specific action given the current state [24, 43, 72]. We demonstrate the estimation
of value functions is problematic given unsupported states and this theoretically can

not be solved by more exploration or more training data in this section.

2.3.1 RL and expected reward estimation

Most deep RL algorithms rely on learning a QQ or Value function, which takes in the
current state as network input and predicts the expected future reward [24, 72]. Since
states with unseen composition are unsupported and fall within the undertrained
regions of the neural network, the value prediction is highly unreliable. This affects
methods that directly choose the maximum action from erroneous Q) value predictions
and also methods that update the actor with an erroneous value prediction. We plot

the expected Q-values learned by CQL alongside the actual return-to-go in both failed
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and success scenarios in Roundabout environment [45] (Section 2.6.2) when presented

with OOC states in Figure 2.2. The grey dashed line is the expected Q-values the

model predicts for in-distribution states.

Unsupported States

Success Crash

N Expected Q E RTG

Figure 2.2: Expected Q value of CQL and actual return-to-go (RTG) in unsupported states in
Roundabout environment.

One key observation can be made: @ function shows signs of memorizing, which

assigns similar Q) values for both training and OOC states.

Despite the problem of distribution shift being a central challenge for offline
RL [46], online methods also suffer from unseen states when zero-shot generalizing
to unsupported states. Traditionally distribution shifts are mitigated with a wider
training state distribution under the assumption that test time states are sampled
from a distribution with different probability densities but the same support. However,
since new states with different object combinations are out of support of the training
environment, using a more exploratory online policy or collecting more training
trajectories for offline RL will never be able to visit these states and thus will not
fundamentally solve this issue. We need a policy with better generalization to

unsupported states to achieve zero-shot generalization in this problem.
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2.4 Why Diffusion Models Can Generate OOC

Samples

We first introduce diffusion model notations and then provide a proof sketch and
experimental evidence of why diffusion models are capable of generating OOC samples
(states).

2.4.1 Diffusion Models

Diffusion models are among the most popular methods for density estimation. Ho
et al. [28] proposed DDPM to model the data generation process with a forward and
reverse process. In the forward process, noise is added to corrupt data x; iteratively
for T timesteps towards a standard Gaussian distribution.

The target of diffusion modeling is to learn the reverse process pg(x; 1|x;) =
N(xi_1; po(xy,t), Xg(xy, t)). This way, we can sample from the data distribu-
tion by first obtaining a Gaussian noise x; and then iteratively sampling from
po(xi_1|x:). With reparametrization trick, we can train a model €y to predict
the noise € at each timestep ¢, and gradually denoise using update rule x; ; =

L0 t)) + ov€s, where € ~ N(0,I) with variance schedulers

1
NG <wt \/@_gtz Eé(wta
ay, ;. Given the same pretained diffusion model, one can also perform DDIM sam-

pling [73] ;1 = /a1 (“"tfv 17%69(%’0) + 1 — a;_1€9(x,t) + 016 to enable fast
sampling.

Song et al. [75] formally established the connection between diffusion models and
score-based stochastic differential equations (SDE). Interestingly, they discovered that
each diffusion process has a corresponding probability flow ODE that shares the same
intermediate marginal distributions p(a;,t) for all t. The transformation between
probability flow ODE and SDE can be easily achieved by adjusting the random noise
hyperparameter ¢ in DDIM sampling.

2.4.2 0OOC Generalization in Diffusion Models

We demonstrate that a well-trained diffusion model can naturally sample OOC states

that satisfy combinatorial support constraint 2.2.4 with non-zero probability at test
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time. The key idea is that pseudo-random denoising trajectories can be constructed

at inference time that yield OOC samples with non-zero probability.

Since our states are formed by combinations of base elements (Definition 2.2.1),
with well constructed Z we can assume that the states lie on a lower dimensional
manifold M (representing combinations of base elements) embedded in the high
dimensional ambient state space. In some cases such as maze navigation where the
latent space is a linear subspace, we can even assume that the underlying manifold
M is a linear manifold whose tangent space is isomorphic to itself. With these

assumptions, we present the following corollary whose proof is shown in the appendix

A2

Corollary 2.4.1. Suppose the states lie along a linear manifold M in the state space
S and the latent space Z is well constructed so that Z is (affine) isomorphic to M.
Then a diffusion model py that is well trained on Pi.q;, can sample an OOC state with

non-zero probability.

While the linear manifold assumption may not hold for more complex states,
recent computer vision research provides evidence of the combinatorial generalization
capabilities of diffusion models in more complicated data spaces: Okawa et al. [62]
showed that given different concepts like shape, color, and size in synthetic shape
generation, conditional diffusion models demonstrate a multiplicative emergence of
combinatorial abilities where it will first learn how to generalize to concepts closer to
the training samples (i.e. only change one of color, shape, and size) and eventually
adopt full compositional generalization ability with enough training. Aithal et al. [2]
identifies the phenomena where diffusion models generate samples out of the support
of training distribution through interpolating different complex modes on a data
manifold. Kadkhodaie et al. [36] demonstrate generalization to unsupported data by
showing two diffusion models trained on large enough non-overlapping data converge
to the same denoising function. In the next sections, we discuss how to use diffusion
models to handle this challenging problem and also provide empirical evidence in

decision-making tasks.

11
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2.5 Conditioned Planning with Diffusion

Recognizing the capability of diffusion models to generate OOC states, we leverage this
property by formulating decision-making tasks as conditional state-action generation
problems. We begin by demonstrating how OOC initial states can propagate into
future OOC states and then present our modeling approach, which capitalizes on this

OOC sampling feature to enhance action generation in OOC scenarios.

2.5.1 0OOC States Lead to Future OOC States

In many real-world scenarios and RL environments, an OOC current state often
leads to OOC future states. For instance, in self-driving tasks, if the ego agent is
surrounded by two vehicles, it is highly probable that the same vehicles will remain
nearby in subsequent timesteps. This phenomenon is even more evident in multi-agent
games like StarCraft, where the types of the ego agent’s teammates and enemies
remain fixed after the round begins. Such cascading OOC states pose significant
challenges for traditional model-based methods, as their accuracy depends on their
world model prediction and when these future states are unsupported, they struggle
to make accurate future predictions. This limitation motivates the use of conditioned
diffusion models as world models, offering a more robust approach to handling OOC

scenarios.

2.5.2 Conditional Diffusion for Trajectory Prediction

Diffusion models in decision-making tasks can be broadly categorized into two ap-
proaches: one focuses on using diffusion models as policy/value network for valued-
based RL [38, 80|, while the other leverages diffusion models to directly generate
future trajectories |3, 34]. The latter approach, which employs diffusion models as
both a world model and a planner, aligns more effectively with our goal of addressing
OOC state generalization. Following the setup of Janner et al. [34], we train a condi-
tional diffusion model to denoise (predict) future state-action pairs conditioned on the
current state and a latent vector. This model is trained via behavior cloning on expert
data, capturing the relationship between states, optimal actions, and future states.

Consequently, we assume that the actions corresponding to OOC states generated

12
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under new conditions will remain statistically coherent with the underlying dynamics

(MDP), facilitating robust generalization to novel scenarios.

2.6 Experiments

The primary goal of our experiments is to answer the following questions: (1) (Wide
applicability) Does the state-space of different existing RL environments exhibit a
compositional nature? (2) (Advantages) What are some interesting features condi-
tional diffusion models have that contribute to their performance when generalizing
to OOC states? (3) (Conditioning) Does conditioning help with OOC generalization?

2.6.1 Experiment Setup

We test our models in three drastically different existing RL environments: a single-
agent driving environment Roundabout, a multiagent cooperative game SMACv2,
and a navigation task Maze2d. We use the category of the base elements found in the
observation for Roundabout and SMACv2, and the x,y positions of the three waypoints
for Maze2d as the latent vector. This information is extracted from observations and
is equally accessible to all models. We incorporate a cross-attention layer after each
residual block for Diffusion Unet [34] to facilitate learning the correlation between
conditioning and trajectory. The expert offline data is collected for behavior cloning
by fully trained PPO agents on each combination of the training environment and
includes only successful rollouts. The first action in the generated trajectory is then
used to step the environment (Appendix A.4.5). Detailed architecture of the model
can be found in Appendix A.4.3 and the planning process is described in Algorithm
1.

2.6.2 Single-agent Environment

Environment HighwayEnv [45] is a self-driving environment where the agent needs
to control a vehicle to navigate between traffic controlled by predefined rules. We
specifically look at the Roundabout environment with two types of traffic: cars and

bicycles (Visualization in Appendix A.4.7).
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State in this environment is a composition of four environment vehicles that
are either cars or bicycles and the ego agent, which is always a car. Environment
observation contains observability, the locations and speed of the ego and surrounding
agent, and whether this agent is a car or a bike (Conditioning). During training
time, the environment will only generate traffic of all cars or all bicycles with equal
probability. During test time, environments will generate a mixture of cars and
bicycles (detailed setup in Appendix A.4.8). Cars and bicycles have different sizes,
max speeds, and accelerations, leading to different behavior patterns. This is an

instance of generalizing to OOC states with non-overlapping support.

Roundabout

0_ |
Crashes (!) Reward (1)

I Diffusion (Ours) I PPO
B BC CQL

Figure 2.3: Total number of crashes and average reward for BC(MLP), PPO, CQL, and diffusion
model in the testing environment. Results of models with comparable sizes are shown in Table A.5
to eliminate the concern of different model sizes.

Results As shown in Figure 2.3, conditional diffusion model has almost half the
number of crashes and higher reward when zero-shot generalizing to states with
mixture traffic. Since we train the diffusion model exclusively on successful PPO
trajectories, the training state distribution for diffusion is much narrower compared

to PPO, an online method. This is interesting since it is widely acknowledged that
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online models have better generalization compared to offline models [46].

Takeaway 1: Conditional diffusion models, trained on an offline dataset with narrow state

distribution with full combinatorial generalization support, have better zero-shot generalization

performance to OOC states compared to online RL trained in the same environment.

2.6.3 Multi-agent Environment

Environment The StarCraft Multi-Agent Challenge (SMAC/SMACv2) [17, 69] is
a multi-agent collaborative game that takes several learning agents, each controlling
a single army unit, to defeat the enemy units controlled by the built-in heuristic Al
This benchmark is particularly challenging for its diverse army unit behaviors and
complex team combinations, which enable diverse strategies like focus fire and kiting
enemies to emerge [18|. Each agent’s observation includes health, shield, position,
unit type (Conditioning) of its own, visible teammates, and enemies.

We treat one agent as the ego agent, and consider its teammates and enemies as
part of the environment. Then states can be naturally seen as compositions of the
unit types in a particular playthrough. We expect the ego agent to generate different
policies when playing with or against different types of units, and we aim to test OOC
generalization by changing the unit composition in the environment. Since we use a
MAPPO [83] for data collection, we report the performance gain/loss compared to
MAPPO. To treat the teammates and enemies of one particular agent as environment
and change their combination, we control one unit with a conditional diffusion model
and let MAPPO control the rest of its teammates.

Setup The unit types in this experiment are Protoss.Stalker, Protoss.Zealot, and
Protoss.Colossus, referred to as a, b, ¢ respectively. We evaluate on two OOC scenar-
ios: (1) (Simple: Different but overlapping support): Train the model on randomly
generated combinations (ABC') of all units and test it where all the units on the team
have same type (AAA), (2) (Hard: Non-overlapping support): the opposite scenario,
where we train on teams with only one unit type (AAA), but during test-time we
see any composition of these three units (ABC'). More information about our setup
could be found in Appendix A.4.9.
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Figure 2.4: Relative improvement % compared to MAPPO on two SMACv2 scenarios: 3v3 and
5v5. Conditional Diffusion show large improvements over the MAPPO baseline, specially in the
hard scenario, where we train on teams with the same unit type only but test on random team
compositions. Detailed numbers can be found in Table A.10 and Table A.11.

Results As shown in Figure 2.4, MAPPO performance drastically dropped in the
hard OOC scenario by 55.2% for 5v5 and 50% for 3v3. If we substitute one agent
generated by MAPPO with conditional diffusion, the success rate can be improved
by 16.7% for 3v3 and 23.1% for 5v5 in hard OOC scenario as shown in Figure 2.4.
Detailed success rates are shown in Table A.10 and Table A.11.

Takeaway 2: Multi-agent RL, viewed from the perspective of a single ego agent, naturally requires
combinatorial generalization to collaborate/compete with different agent types. Compositional

complexity can be found in a wide range of distinctly different real-world tasks like driving and

multiagent decision-making

2.6.4 How Do Conditional Diffusion Models Generalize to
O0OC States?

To see how diffusion models generalize to OOC states, we render the states predicted
by the diffusion models given different conditionings with the same current state, as
shown below in Figure 2.5.

We can see that conditionings determine the unit type of agent predicted by the
diffusion model and also their behavior pattern. Whereas the current state determines
other attributes like initial location and health. Different conditionings will lead to
different strategies. The circle unit has attack range 1 and the square unit has attack

range 6. For units with short attack ranges, the optimal strategy is to approach their
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Figure 2.5: Rendering of future states predicted by the diffusion model given same initial state
but different conditionings. The grey box is the current state. Blue backgrounds are conditional on
all Squares (long attack range) and pink backgrounds are conditioned on all circles (short attack
range). Smaller sizes represent less shield and health. More examples shown in Appendix A.4.9.

enemies before initiating an attack. Conversely, agents with large attack ranges are
advised to attack their enemies from a distance to ensure their own safety. Figure
2.5 shows that if we condition on all circles, the diffusion model thinks players will
form a cluster and if condition on all squares, it will predict the players to attack
each other from a distance, aligning well with the optimal policy. This demonstrates
conditioned diffusion models’ ability to implicitly decompose states to learn underlying
compositions and capture multimodality of different unit behavior in the training data.

This highlights its ability to accurately predict the world model for OOC scenarios.

Takeaway 3: Conditioned diffusion models show significant promise by effectively decomposing and

capturing modes of individual base elements and composing them according to new conditioning,

which helps them to accurately predict the world dynamics and generalize to OOC scenarios.

2.7 Ablations

In this section, we ablate over our design choices to (1) show the necessity of using the
inductive bias of state latent vector as conditioning, (2) different model architectures

to incorporate conditioning information
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2.7.1 Necessity of Combinatorial Inductive Bias

We compare trajectories generated by the conditioned and unconditioned diffusion
models in this section to demonstrate the importance of using combinatorial latent
information as conditioning. In Maze2D [20], we formulate the navigation problem
as a one-step generation process where the diffusion model learns how to generate
an entire valid trajectory without rolling out current action and replan. Since there
is only one planning step in this process, generating a valid trajectory can be seen
as denoising a line that connects the start and goal position, instead of generating
action based on the current location. The inductive bias we use is every training
trajectory will pass through three waypoints that equally slice the trajectory. In this
case, the set of all waypoints forms the base element set and their combination is
the latent vector that determines the shape of a generated maze trajectory. During
training, we extract three points that equally slice the trajectory and use them as
conditioning. During test time, we specify a new combination of three waypoints we

want the generated trajectory to pass.

=44 N5
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Figure 2.7: ID  Figure 2.8: OOC Figure 2.9: cfg=1.3

Figure 2.6: train traj (Uncond) (Uncond) (Cond)

Figure 2.10: Trajectories generated in Maze2D for large maze. (a) Samples from the training
set. (b) Trajectories directly generated by the unconditioned diffusion model given in distribution
start and end positions. (c) Trajectories directly generated by the unconditioned diffusion model on
unseen start and end positions. (d) Trajectories directly generated by a conditioned diffusion model
using 3 waypoints (black dots) as conditioning with classifier-free guidance (cfg) weight 1.3. For
results in medium maze please refer to Appendix A.4.6.

We see that the unconditioned diffusion model successfully generated a trajectory
if the start and end positions are in the training set (Figure 2.7) but failed for unseen

start and end points (Figure 2.8). However, if we use a conditioned diffusion model
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and condition on an unseen combination of the three waypoints, it can generate
unseen trajectories that still satisfy constraints supported by the training dataset

(Figure 2.9). This highlights the importance of using conditioning.

2.7.2 Model Architecture: Attention vs Concatenation

We also ablate over different model architectures: (1) concatenating the latent vector
z with diffusion’s time embedding, (2) performing cross attention between z and
output of each Unet residual block (Architecture in Figure A.2). Concatenation and
attention-based networks have roughly the same number of parameters as shown in
Table A.17. Figure 2.11 shows our result: in general conditioned diffusion models

outperform unconditioned ones and attention outperforms concatenation in 3 out of

4 cases.
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Figure 2.11: Improvement percentage over MAPPO for different types of conditioning in SMACv2.

Ablation Takeaway: Conditioned diffusion models, provided with information about the new
composition of state, can generate better trajectories than unconditioned diffusion models. Also,

cross-attention with the condition vector outperforms simply concatenating it with the time-

embedding in most cases.

2.8 Conclusion

Despite the success of traditional RL models in decision-making tasks, they still
struggle to generalize to unseen state inputs. Most existing work focuses on RL

generalization under the assumption that generalization to a different probability
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density function with the same support or allows unseen base elements but also
introduces other potentially unrealistic assumptions. However, we take it further and
study the problem of generalization to out-of-support states, out of combination in
particular, hoping the model can exploit the compositional nature of our world. We
showed how this task is challenging for many traditional RL algorithms that rely on
accurate value prediction and also how conditioned diffusion models can generalize
to unsupported samples. We compare the models in different environments with
detailed ablation and analysis, demonstrating how each of these classic environments
can be formulated as a state combinatorial problem.

However, one limitation of our setup is this combination of base elements formula-
tion is less effective if environment complexity does not stem from exponentially many
element combinations. Also, the distinction between different objects can be blurry
(e.g. would a motorbike be a bike). Another constraint is efficiency, as planning with
diffusion models in stochastic environments requires denoising a trajectory at each

planning step, which can be computationally intensive.
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Chapter 3

Accelerating Diffusion Models in
Offline RL via Reward-Aware

Consistency Trajectory Distillation

3.1 Motivation

Recent advances in diffusion models have demonstrated their remarkable capabilities
across various domains [9, 34, 39, 49, 73|, including decision-making tasks in reinforce-
ment learning (RL). These models excel particularly in capturing multi-modal behav-
ior patterns [3, 9, 34| and achieving strong out-of-distribution generalization [6, 16],
making them powerful tools for complex decision-making scenarios. However, their
practical deployment faces a significant challenge: the computational overhead of the
iterative sampling procedures, which requires numerous denoising steps to generate
high-quality outputs.

To address this limitation, various diffusion acceleration techniques have been
proposed, including ordinary or stochastic differential equations (ODE or SDE) solvers
with flexible step sizes [39, 51, 73|, sampling step distillation [41, 76] and improved
noise schedules and parametrizations [68, 74]. In particular, consistency distilla-
tion [76] has emerged as one of the most promising solutions for image generation, in

which a many-step diffusion model serves as a teacher to train a student consistency
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model that achieves comparable performance while enabling faster sampling through
a single-step or few-step generation process.

This breakthrough has sparked considerable interest in applying consistency
distillation to decision-making tasks. However, current applications either adopt a
behavior cloning approach [52, 64, 81] or integrate few-step diffusion based samplers
in actor-critic frameworks [8, 15, 47]. While promising, these approaches face inherent
challenges: behavior cloning performs well only with expert demonstrations but
struggles with suboptimal data (e.g., median-quality replay buffers), while the actor-
critic paradigm introduces concurrent training of multiple networks and sensitive
hyperparameters, exacerbating training complexity, instability, and computational
overhead.

This raises an important question: can we develop a more effective approach to
consistency distillation specifically tailored for offline RL? We address this challenge
by introducing a novel method that directly incorporates reward optimization into the
consistency distillation process. Our approach begins with a pre-trained unconditional
diffusion policy and augments the standard consistency trajectory distillation [41]
with an explicit reward objective. The vanilla consistency trajectory distillation helps
the student model cover the diverse behavior patterns learned by the teacher. The
additional objective encourages the student consistency model to sample actions
that yield higher rewards, effectively steering the model toward selecting optimal
trajectories from the multi-modal distributions captured by the teacher diffusion
model.

Another key advantage of our method lies in its training simplicity. The re-
ward model can be trained independently from the teacher diffusion model and the
distillation process, avoiding the complexity of concurrent multi-network training
present in actor-critic methods. Our method also eliminates the need for training
noise-aware reward models, unlike existing guided diffusion sampling approaches [34].
By integrating reward optimization directly into the distillation process, our method
achieves superior performance, enables efficient single-step generation, and maintains
straightforward training procedures.

We demonstrate the performance and sampling efficiency of our RACTD on the sub-
optimal heterogenous D4RL Gym-MuJoCo benchmark and challenging long-horizon

planning task Maze2d [20]. Our method demonstrates both superior performance and
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Figure 3.1: Overview of Reward Aware Consistency Trajectory Distillation (RACTD).
We incorporate reward guidance with consistency trajectory distillation to train a
student model that can generate actions with high rewards with only one denoising
step.

substantial sampling efficiency compared to existing approaches, achieving an 8.7%
improvement compared to existing state-of-the-art (SOTA) and a 142-fold reduction
in sampling time.

Our contributions include: (1) We propose a novel reward-aware consistency
distillation method for offline RL that enables single-step generation while achieving
superior performance, (2) We demonstrate that our approach enables decoupled
training without the complexity of concurrent multi-network optimization or noise
aware reward model training, (3) Through comprehensive experiments on multi-
modal suboptimal dataset and long-horizon planning tasks, we show that our method

achieves 8.7% improvement over prior SOTA while achieving up to 142x speedup.

3.2 Background

3.2.1 Problem Setting

In this paper we consider the classic setting of offline reinforcement learning, where the
goal is to learn a policy 7 to generate actions that maximize the expected cumulative
discounted reward in a Markov decision process (MDP). A MDP is defined by the
tuple (S, A, P, R,7), where S is the set of possible states s € S, A is the set of

actions a € A, P(s' | s,a) is the transition dynamics, R(s, a) is a reward function,
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and v € [0,1] is a discount factor. In offline RL, we further assume that the agent
can no longer interact with the environment and is restricted to learning from a
size M static dataset D = {7;}M,, where T = (80, ag, 70, 81,@1,71, .., 8, A, Ti)
represents a rollout of episode horizon H collected by following a behavior policy ms.

Mathematically, we want to find a policy 7* that

H
7" = argmaxE, . [Z V" R(Sn, an)] (3.1)

n=0
subject to the constraint that all policy evaluation and improvement must rely on D

alone.

3.2.2 Diffusion Models

Diffusion models generate data by learning to reverse a gradual noise corruption
process applied to training examples. Given a clean data sample x(, we define x;
for t € [0, 7] as increasingly noisy versions of @y. The forward (or noising) process is

commonly formulated as an Itd stochastic differential equation (SDE):
de = f(z,t)dt + g(t)dw (3.2)

where w is a standard Wiener process. As t approaches the final timestep T', the
distribution of & converges to a known prior distribution, typically Gaussian. At
inference time, the model reverses this corruption process by following the corre-
sponding reverse-time SDE, which depends on the score function V,logp;(x). In
practice, this score function is approximated by a denoiser network Dy, enabling
iterative denoising from @ back to xy. An alternative, deterministic interpretation
of the reverse process is given by the probability low ODE (PFODE):

da = [ flx,t) — Lg(t)2V, log pt(w)] dt (3.3)

which preserves the same marginal distribution p;(x) as the reverse SDE at each
timestep t. This ODE formulation often enables more efficient sampling through

larger or adaptive step sizes without significantly compromising the sample quality.
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EDM [39] refine both the forward and reverse processes through improved noise
parameterization and training objectives. Concretely, they reparametrize the denoising
score matching (DSM) loss so that the denoiser network learns to predict a scaled

version of the clean data:

L"EDM = Et,mg,mﬂmg [d(w(); D¢(wt7 t))] (34)

where d is a distance metric in the clean data space. In this paper, we train an EDM
model as the teacher using the pseudo huber loss as d following Prasad et al. [64].
At inference time, EDM solves the associated PFODE with a 2nd-order Heun

solver.

3.2.3 Consistency Trajectory Distillation

The iterative nature of the diffusion sampling process introduces significant com-
putational overhead. Among various acceleration techniques proposed, consistency
distillation [76] has emerged as a particularly effective approach. The core idea is to
train a student model that can emulate the many-step denoising process of a teacher
diffusion model in a single step.

Building upon this framework, Kim et al. [41] introduced Consistency Trajectory
Models (CTM). Instead of learning only the end-to-end mapping from noise to clean
samples, CTM learns to predict across arbitrary time intervals in the diffusion process.
Specifically, given three arbitrary timesteps 0 < k < u <t <7, CTM aims to align
two different paths to predict xx: (1) direct prediction from time t to k using the
student model, and (2) a two-stage prediction that first uses a numerical solver (e.g.,
Heun) with the teacher model to predict from time ¢ to u, and then uses the student
model to predict from time u to k.

Since the distance metric d is defined on the clean data space and may not be
well-defined in the noisy data space, in practice we further map all predictions to
time 0 using the student model. Formally, denote the student model as Gy, the CTM

loss is defined as:
Lorn = E [d (Gay) (@), £,0), Gugio) (@™ £,0) )| (3.5)

where Gy(xy,t,u) represents the student prediction from time ¢ to u given noisy
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Figure 3.2: Visualization of CTM loss, DSM loss and reward loss.

sample x; at time ¢, sg(f) represents stop-gradient student parameters and
&) = Gol@,, 1, k), 2" = Gy (Solver(zy, t,u; ¢), u k) (3.6)

Here Solver(x;, t, u; ¢) is the numerical solver result from time ¢ to u using the teacher
model D, given noisy sample x, at time ¢.

In addition to the CTM loss, consistency trajectory distillation also incorporates
the DSM loss to enforce its samples to be close to the training data. The DSM loss
for the student model is the same as the one for EDM in Equation 3.4:

£DSM - Et,(l:o,{l:t|il:0 [d(mm G@(mh t: 0))] (37)

In Figure 3.2 we provide a visualization of these objectives on a PFODE trajectory.
After the distillation, the student model can perform “anytime-to-anytime” jumps

along the PFODE trajectory. One-step sampling can then be achieved by calculating
&0 = Gy(xr, T, 0
o = Go\ZT, 1, )
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3.3 Method

3.3.1 Motivation and Intuition

Diffusion models and their consistency-based counterparts have demonstrated promis-
ing results in decision-making tasks, particularly in capturing multimodal behavior
patterns [3, 9, 34]. Common recipes for using these models in decision-making gener-
ally fall into one of the three paradigms: (1) training a diffusion or consistency model
via behavior cloning and deploying it directly as a policy [3, 9]; (2) integrating the
model into actor-critic frameworks [15, 26, 80[; or (3) using the model as a planner

through guided diffusion sampling [34].

While behavior cloning pipelines perform well when trained on expert demonstra-
tions, they often struggles with suboptimal datasets (e.g., medium-replay buffers)
collected from diverse behavior policies. Such datasets typically exhibit complex
multimodal behavior patterns, where only some modes lead to high rewards. Although
one could potentially use rejection sampling to filter out low-reward training data,
this approach becomes prohibitively sample inefficient, particularly as the quality of
the training data deteriorates. On the other hand, to generate high reward actions,
actor-critic approaches require concurrent training of multiple neural networks with
sensitive hyperparameters. Finally, guided diffusion sampling necessitates training
noise-aware reward models and multi-step sampling, which could be detrimental for

time-sensitive decision-making tasks like self-driving.

So how can we better leverage potentially suboptimal datasets to design a diffusion-
based single-step sampling model with simple training procedure? Our key idea is to
utilize the multimodal information captured by the teacher model and encourage the
student model to favor the high reward modes. We achieve this by incorporating a
reward objective directly in the consistency distillation process. Since our student
model can achieve single-step denoising, we can incorporate a reward model trained
in the clean sample space and avoid the multi-step reward optimization for diffusion

models.
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3.3.2 Modeling Action Sequences

Before introducing our reward-aware consistency trajectory distillation, we would like
to first clearly establish the modeling formulation in our method. When applying
diffusion models to RL, several modeling choices are available: modeling actions
(as a policy), modeling rollouts (as a planner), or modeling state transitions (as a
world model). While more comprehensive modeling approaches can offer advantages,
particularly in long-horizon tasks, they also introduce additional complexity and
computational challenges.

Following Chi et al. [9], we adopt a balanced approach: modeling a fixed-length
sequence of future actions conditioned on a fixed-length sequence of observed states.
This formulation ensures consecutive actions form coherent sequences, and reduces
the chances of generating idle actions.

Formally, let 8,, = {S,_n, Sn_ni1,- -, Sn} denote a length-h sequence of past states
at rollout time n, and @, = {an, @ni1,...,anic} represent a length-c sequence of
future actions. Both the teacher and the student learn to model the conditional
distribution p(d@, | 8,). In the context of diffusion notations, * = @, | §,,. We can
easily extend this framework for goal-conditioned RL, where 8,, = {s,, sr} are the
current and goal state that is used for conditioning.

During execution, we can either execute only the first predicted action a, in
the environment before replanning at the next step, or follow the entire predicted

sequence of actions at once.

3.3.3 Reward-Aware Consistency Trajectory Distillation

Having established the formulation, we now present our approach to integrating
reward optimization into the consistency trajectory distillation process.

Let Ry be a pre-trained differentiable return-to-go network (i.e. reward model)
that takes the state s, and action a,, at rollout time n as inputs and predicts the
future discounted cumulative reward 7,, = Zi_o" o Tntj-

When the student model generates a prediction @, | s, = zEéT) = Gy(xr,T,0),
we extract the action at time n, denoted as a,, from the predicted sequence and
pass it along with s, to the frozen reward model R, to estimate 7,,. The goal of our

reward-aware training is to maximize the estimated discounted cumulative reward.
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Mathematically, the reward objective is defined as
ﬁReward = _Rw(gny dn) (38)

The final loss for reward-aware consistency trajectory distillation (RACTD) combines
all three terms:
L = alcrm + BLbsm + 0 LReward (3.9)

where «, (3, and ¢ are hyperparameters to balance different loss terms.

3.3.4 Decoupled Training

A key advantage of our method of combining reinforcement learning, diffusion models,
and consistency distillation is the ability to support fully decoupled training of all

components.

Traditional actor-critic frameworks, which are commonly used to incorporate
diffusion models into reinforcement learning, require simultaneous training of multiple
neural networks. This concurrent optimization presents considerable challenges,
often demanding extensive hyperparameter tuning and careful balancing of different

learning objectives.

Guided diffusion sampling, as proposed in Janner et al. [34], offers an alternative
approach by taking inspiration from classifier guided diffusion [14, 75|. However,
these classifiers (i.e. reward models) require noise-aware training that cannot be
separated from the diffusion model. Also, predicting the correct reward from highly
corrupted input could be very challenging, which can lead to inaccurate guidance

that accumulates during its multi-step sampling process.

Our method, in contrast, fully leverages the advantages of single-step denoising
models by operating entirely in the noise-free state-action space. This design choice
enables the reward model to provide stable and effective signals without requiring
noise-aware training. Importantly, the reward model can be pre-trained completely
decoupled from the teacher model and distillation process. This separation not only
simplifies the training process but also allows for flexible integration of different

reward models using the same teacher model.
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Figure 3.3: The reward distribution of the DARL hopper-medium-expert dataset and
100 rollouts from an unconditioned teacher, an unconditioned student, and RACTD.

3.3.5 Reward Objective as Mode Selection

In offline RL, models often have to learn from datasets containing behaviors of varying
quality. While diffusion models excel at capturing these diverse behavioral modes,
they inherently lack the ability to differentiate between actions that lead to high
versus low rewards. Our RACTD addresses this limitation by transforming the
reward-agnostic teacher diffusion sampling distribution into one that preferentially
samples from high-reward modes. We empirically verify this through a comparative
analysis using the D4RL hopper-medium-expert dataset [20], which contains an equal
mixture of expert demonstrations and suboptimal rollouts from a partially trained
policy.

Figure 3.3 illustrates the reward distributions of rollouts sampled from three
models: the unconditioned teacher, unconditioned student, and RACTD. The dataset
(grey) exhibits two distinct modes corresponding to medium-quality and expert
rollouts. The unconditioned teacher model (blue) accurately captures this bimodal
distribution, and the unconditioned student model (orange) faithfully replicates it.
In contrast, our RACTD (green) concentrates its samples on the higher-reward mode,
demonstrating that our reward guidance effectively identifies and selects optimal

behaviors from the teacher’s multi-modal distribution. We also include the discussion
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between sample diversity and mode selection in Appendix B.4.

3.4 Experiment

In this section, we conduct experiments to demonstrate: (1) the effectness of our
RACTD, especially when the teacher model is trained with suboptimal data, (2) the
capability of accurately capturing the complex and diverse high dimensional behavior
patterns with only one denoising step, and (3) the speed-up achieved over the teacher

model and existing policy-based diffusion models.

3.4.1 Offline RL

Baselines We compare our approach against a comprehensive set of baselines,
including vanilla behavior cloning (BC) and Consistency Policy (Consistency BC) [15];
model-free RL algorithms CQL [43] and IQL [42]; model-based algorithms Trajectory
Transformer (TT) [33], MOPO [85], MOReL [40], MBOP [4]; autoregressive model
Decision Transformer (DT) [7]; diffusion-based planner Diffuser [34]; and diffusion-
based actor-critic methods Diffusion QL [80] and Consistency AC [15].

Setup We first evaluate our method and the baselines on D4RL Gym-MuJoCo [20],
which is a popular offline RL benchmark that contains three environments (hopper,
walker2d, halfcheetah) of mixtures of varying quality data (medium-replay, medium,
medium-expert).

Following the setups in the prior works, we employ online model selection for
evaluation by using the best-performing checkpoint observed during training. Results
for non-diffusion-based models and Diffuser are taken from Janner et al. [34], and
results for Diffusion QL and Consistency AC/BC are sourced from their respective
papers. The results for RACTD are reported as the mean and standard error over

100 planning seeds. We use h = 1, ¢ = 16 and closed-loop plannign in all experiments.

Results As shown in Table 3.1, RACTD achieves the best or second best perfor-
mance in almost all task, and outperforms the best baseline in overall average score by

a substantial margin. It consistently outperforms the diffusion-based planner Diffuser
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Table 3.1: (Offline RL) Performance of RACTD and a variety of baselines on the
D4RL Gym-MujoCo benchmark. The best score is emphasized in bold and the
second-best is underlined.

Method Medium Expert Medium Medium Replay Avg NFE
HalfCheetah Hopper Walker2d HalfCheetah Hopper Walker2d HalfCheetah Hopper Walker2d
BC 55.2 52.5 107.5 42.6 52.9 75.3 36.6 18.1 26.0 519 -
CQL 91.6 105.4 108.8 44.0 58.5 72.5 45.5 95.0 7.2 76 -
IQL 86.7 91.5 109.6 474 66.3 78.3 44.2 94.7 73.9 7.0 -
DT 86.8 107.6 108.1 42.6 67.6 74.0 36.6 82.7 66.6 47 -
TT 95.0 110.0 101.9 46.9 61.1 79.0 41.9 91.5 82.6 789 -
MOPO 63.3 23.7 44.6 42.3 28.0 17.8 53.1 67.5 39.0 421 -
MOReL 53.3 108.7 95.6 42.1 95.4 7.8 40.2 93.6 49.8 729 -
MBOP 105.9 55.1 70.2 44.6 48.8 41.0 42.3 12.4 9.7 478 -

Diffusion QL 97.2 £04  112.3 £0.8 111.2 +0.9 51.5 £0.3 96.6 3.4  87.3 +0.5 48.3 +02  102.0 +0.4 98.0 +0.5 89.3
Consistency AC ~ 89.2 £33 106.0 1.3 111.6 +0.7 71.9 +08  99.7 +2.3 84.1 +0.3 62.7 £0.6  100.4+06 83.0 £1.5 89.8
Consistency BC ~ 39.6 +3.4 96.8 +4.6 111.6 +0.7 46.2 £0.4 78.3 £2.6  84.1 +0.3 45.4 0.7 100.4 £0.6 80.8 £34 75.9

Diffuser 88.9 £0.3  103.3 +1.3 106.9 +0.2 42.8 403 74.3 £1.4  79.6 £0.55 37.7 £0.5 93.6 £04 70.6 £1.6 77.5

RACTD(Ours) 95.9 £1.5  129.0 £1.3 119.6 +1.9 59.3 £02  121.0 0.5 98.9 £1.6 57.9 £1.0  104.9 £21 91.5 +26 97.6

B o

[

in all environments, and exceeds the performance of consistency-based actor-critic

baseline Consistency AC in all hopper and walker2d tasks.

3.4.2 Long Horizon Planning

Next, we showcase the effectiveness of RACTD in complex high-dimensional long-
horizon planning and its flexibility to adapt to goal-conditioned tasks. Previously,
Diffuser has shown great potential in open-loop long-horizon planning, but requires a
significantly larger number of denoising steps compared to closed-loop planning like
MuJoCo. We demonstrate that our model can achieve superior performance with a

single-step denoising process under the same problem formulation.

Setup We test this ability on D4RL Maze2d [20], which is a sparse reward long-
horizon planning task where an agent may take hundreds of steps to reach the goal
in static environments. Following the setup in Janner et al. [34], we use a planning
horizon 128, 256, 384 for U-Maze, Medium and Large respectively. We perform open-
loop planning by generating the entire state sequence followed by a reverse dynamics
model to infer all the actions from the predicted state sequence. The reward model
returns 1 if the current state reaches the goal and 0 otherwise. The baseline results
are reported from Janner et al. [34] and RACTD results are reported as the mean

and standard error of 100 planning seeds.
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Table 3.2: (Long-horizon planning) The performance of RACTD, Diffuser, and prior
model-free algorithms in the Maze2D environment. The best score is in bold and the
second-best is underlined.

Method U-Maze Medium Large Avg Score
Score NFE Time (s) Score NFE Time (s) Score NFE Time (s)
MPPI 33.2 - - 10.2 - - 5.1 - - 16.2
CQL 5.7 - - 5 - - 12.5 - - 7.7
IQL 474 - - 34.9 - - 58.6 - - 47.0
Diffuser 113.9 +3.1 64 1.664 121.5 #2717 256 4.312 123.0 £6.4 256 5.568 119.5
CTD 123.4 +1.0 1 0.029 119.8 +4.1 1 0.047 127.1 +6.4 1 0.049 123.4
RACTD (Ours) 125.7 +06 1 0.029 130.8 +1.8 1 0.047 143.8 +0.0 1 0.049 133.4

Results As shown in Table 3.2, both Diffuser and RACTD outperform previous
model-free RL algorithms CQL and IQL, and MPPI which usese ground-truth
dynamics. Our approach surpasses the diffusion baseline in almost all settings,
highlighting its ability to effectively capture complex behavioral patterns and high-
dimensional information in the training dataset. Notably, the planning dimension for
this task (384 for the Large Maze) is substantially higher than that of MuJoCo tasks
(16). As a result, Diffuser requires significantly more denoising steps (256 for the
Large Maze) compared to MuJoCo (20 steps). On the contrary, despite the increased
task complexity, RACTD still only requires a single denoising step to achieve 11.6x

performance boost.

3.4.3 Inference Time Comparison

Beyond performance improvements, a key contribution of our work is significantly
accelerating diffusion-based models for decision-making tasks. The primary computa-
tional bottleneck in diffusion models arises from the multiple function evaluations
(NFEs) required by the iterative denoising process. By reducing the number of de-
noising steps to a single NFE, our approach achieves a speed-up roughly proportional

to the number of denoising originally required.

Setup To evaluate sampling efficiency, we compare RACTD with different samplers,
including DDPM [28], DDIM [73], and EDM [39] using the same network architecture

as our teacher model. Additionally, we report the efficiency of Diffuser. Note that since

33



3. Accelerating Diffusion Models in Offline RL via Reward-Aware Consistency
Trajectory Distillation

Table 3.3: Wall clock time and NFEs per
action for different samplers and Diffuser
on MuJoCo hopper-medium-replay.

Normalized Score

Method Time (s) NFE Score

Diffuser 0.644 20 93.6 e
—— weight 0.7

DDPM 0.236 15 24.2 T weight1.s

DDII\/{ 0 208 15 60 6 [ 25 50 75 100 125 150 175 200

. . Epoch
EDM (Teacher) 2.134 80  114.2
RACTD (Ours, Student) 0.015 1 104.9

Figure 3.4: Ablation on reward objective
weight.

Diffuser employs a different model architecture and generates future state-action pairs,
its sampling time may also be influenced by these factors. Table 3.3 and Table B.6
present the wall clock sampling time and NFE for MuJoCo (hopper-medium-replay)
and Maze2d. All experiments are conducted on one NVIDIA Tesla V100-SXM2-32GB.

Results In hopper-medium-replay, RACTD achieved 20x reduction in NFEs and a
43x speed-up compared to Diffuser. Additionally, our student model requires 80x
fewer NFEs and samples 142x faster than the teacher model. In Maze2d, RACTD
significantly accelerates computation compared to Diffuser, achieving approximately
57x, 92x, and 114x speed-ups on Umaze, Medium and Large mazes, by reducing
NFEs by a factor of 256 for the Medium and Large mazes. Furthermore, we observe
that more denoising steps lead to better model performance. This highlights the
advantage of distilling from a slow but high-performing teacher model, which en-
ables better performance compared to training a diffusion model directly with fewer

denoising steps.

3.5 Ablation Study

We ablate over (1) the impact of the reward objective in both student and teacher
model training, (2) the effect of different reward loss weights on model performance
and training stability, and (3) the impact of increasing denoising steps with our

student model.
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Table 3.5: Inference time, NFE, and
score comparison for student model
multi-step sampling on MuJoCo hopper-
medium-replay.

Table 3.4: We compare incorporating the
reward model in different stages of training
on MuJoCo hopper-medium-replay. Re-
sults are presented as the mean and stan-

dard error across 100 seeds. NFE Time(s) Score
Hopper Unconditioned Reward-Aware 1 0.0147 104.9 +2.1
Medium-Replay teacher teacher 9 0.0241 109.8 +0.9
Unconditioned student 50.8 £0.3 96.2 £0.2
. . £0.1
Reward-Aware student 104.9 +21 96.0 +0.3 3 0.0377 108.7
4 0.0517 107.9 +1.6

3.5.1 Impact of Reward Objective

To understand the unique advantages of incorporating reward objectives during
distillation, we conduct a systematic comparison across four model configurations:
the baseline combination of an unconditioned teacher and student, a reward-aware
teacher paired with an unconditioned student, a fully reward-aware teacher-student
pair, and our proposed RACTD, which combines an unconditioned teacher with a
reward-aware student. The results for hopper-medium-replay and walker-medium is
shown in Table 3.4 and Table B.5.

Our analysis reveals that while incorporating reward objectives at any stage yields
substantial improvements, optimal performance is achieved through our RACTD
framework, which combines an unconditioned teacher with reward-aware student
distillation. Our method allows the teacher to capture a comprehensive range of
behavioral patterns, while enabling the student to selectively distill the most effective
strategies. Although incorporating reward objectives in the teacher model also
enhances performance, this approach risks discarding suboptimal behaviors that may
be valuable in novel testing scenarios, potentially limiting the model’s generalization

capabilities.

3.5.2 Effect of Reward Objective Weights

The reward loss weight is a crucial hyperparameter in our pipeline that impacts
both training stability and performance. We plot the reward curve achieved over 200

epochs of student training with reward loss weights ranging from [0.3,0.5,0.7, 1.5]
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on MuJoCo hopper-medium-replay in Figure 3.4. The mean and standard error are
reported across 20 rollouts from intermediate checkpoints.

With lower weights, increasing the weight leads to higher performance and rela-
tively stable training. However, when the weight is too high (e.g. 1.5 in this plot),
evaluation initially increases but fluctuates as training progresses. This occurs when

the reward loss dominates DSM and CTM losses, resulting in unstable training.

3.5.3 Number of Sampling Steps

Since our student model is trained for anytime-to-anytime jumps, it naturally extends
to multi-step denoising without additional training. Following the approach in Song
et al. [76], given intermediate denoising timesteps 0 < t; < to < T, we first denoise
from T" to 0 as usual. We then add noise again to t; and denoise it back to 0, and
repeat this process for t5. This iterative refinement can enhance generation quality.
We evaluate the student using 2, 3, and 4 denoising steps as reported in Table 3.5.
While multi-step sampling improves performance, we observe that gains do not scale

linearly with the number of denoising steps.

3.6 Related Work

Diffusion Models in Reinforcement Learning Diffusion models have emerged
as a powerful approach for decision-making tasks in reinforcement learning [3, 9, 26,
34, 80]. The integration of diffusion models into RL frameworks typically follows two
main paradigms: actor-critic approaches, where diffusion models serve as policy or
value networks [26, 80|, and policy-based approaches, where diffusion models directly
generate action trajectories [3, 9, 34]. While these methods have demonstrated
impressive performance on standard RL benchmarks, their practical deployment is
hindered by the slow sampling time inherent to vanilla diffusion policies based on
DDPM [28|. This limitation poses particular challenges for real-world applications

such as robotics, where speed is crucial.

Accelerating Diffusion Model Sampling Various approaches have been proposed

to accelerate the sampling process in diffusion models. One prominent direction
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leverages advanced ODE solvers to reduce the number of required denoising steps
[39, 51, 73|. Another line of work explores knowledge distillation techniques [5,
41, 54, 68, 76|, where student models learn to take larger steps along the ODE
trajectory. Particularly, consistency models |76] leverage the PFODE to learn direct
mappings from noise to sample space. Consistency trajectory models [41] enable
one-step sampling by learning anytime-to-anytime jumps along the PFODE trajectory,

achieving performance that surpasses teacher models.

Consistency Models in Decision Making Consistency models have emerged as
a promising policy class for behavior cloning from expert demonstrations in robotics
[52, 64, 81]. In RL, several works have enhanced actor-critic methods by replacing
traditional diffusion-based value/policy networks with consistency models, showing
faster inference and training speed [8, 15, 47]. These approaches directly incorporate
consistency loss [76] into the value/policy network training, rather than distilling a
separate student model. While Wang et al. [79] made some initial attempts to apply
consistency distillation in policy-based RL through classifier-free guidance and reverse
dynamics, their approach requires two NFEs and under-performs the state-of-the-art.
In contrast, RACTD is a straightforward approach of using a separate reward model
and incorporating reward objective during student distillation, achieving superior

performance with only one NFE.

3.7 Conclusion

In this section, we address the challenge of diffusion policy acceleration by introducing
reward-aware consistency trajectory distillation (RACTD), which predicts high-reward
actions in a single denoising step. RACTD uses a pre-trained diffusion teacher model
and a separately trained reward model, leveraging the teacher’s ability to capture
multi-modal distributions while prioritizing higher-reward modes to generate high-
quality samples from suboptimal training data. Its decoupled training approach avoids
the complex concurrent optimization of multiple networks and enables the use of a
standalone, noise-free reward model. RACTD outperforms previous state-of-the-art

by 8.7% while accelerating its diffusion counterparts up to a factor of 142.
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Chapter 4

Conclusions

This thesis explored how diffusion models can serve as both generalizable and efficient
policies for decision-making tasks. We first study the problem of generalization to
out-of-support states, out of combination in particular, hoping the model can exploit
the compositional nature of our world. We showed how this task is challenging for
many traditional RL algorithms that rely on accurate value prediction and also how
conditioned diffusion models can generalize to unsupported samples. We compare the
models in different environments with detailed ablation and analysis, demonstrating
how each of these classic environments can be formulated as a state-combinatorial
problem.

To address the efficiency limitations of diffusion-based planning, we introduce
reward-aware consistency trajectory distillation (RACTD), which predicts high-reward
actions in a single denoising step. RACTD uses a pre-trained diffusion teacher model
and a separately trained reward model, leveraging the teacher’s ability to capture
multi-modal distributions while prioritizing higher-reward modes to generate high-
quality samples from suboptimal training data. Its decoupled training approach avoids
the complex concurrent optimization of multiple networks and enables the use of a
standalone, noise-free reward model. RACTD outperforms previous state-of-the-art
by 8.7% while accelerating its diffusion counterparts up to a factor of 142.

Overall, this thesis demonstrates that diffusion models, when properly adapted,
offer a powerful framework for decision-making that combines generalization with

efficiency, paving the way for scalable and robust learning in complex environments.
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Appendix A

State Combinatorial Generalization In
Decision Making With Conditional
Diffusion Models

A.1 Related Work

Meta RL Meta RL is often seen as the problem of “learning to learn”, where
agents are trained on several environments sampled from a task distribution during
meta-training and tested on environments sampled from the same distribution during
meta-testing [19, 84]. In the K-shot meta-RL setting, the model can interact with
the testing environment K times during meta-testing time to update the model using
reward [19, 48, 59, 67]. Our setting is different from Meta-RL as the training and
testing environments are sampled from different distributions and conditioning is
provided while restricting K to zero.

Attached below is a review of RL environments for generalization.

A.1.1 Generalization in RL

Environments Most RL environments that test model generalization can be
grouped into different reward functions [19, 66, 67, 86| or transition functions [13, 56,
63, 86], goals or tasks [19, 84], states [11, 12, 22, 25, 35, 44, 57, 61|. For environments
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with different state distributions, randomization [22] and procedural generation [12, 44,
61] are widely used to generate new states. Some vision-based environments |25, 35, 57]
also use different rendering themes or layouts to generate unseen observations, more
targeting sim2real problems. For robotics benchmarks like Metaworld [84] and
RLbench [32], how much structure is shared between tasks like open a door and open a
drawer is ambiguous [1]. Also, benchmarks like Franka Kitchen [23] focus on composing
tasks at time horizons, requiring the model to concatenate trajectories corresponding
to different subtasks. However, despite the large volume of generalization benchmarks,
there is no benchmark designed for state combinatorial generalization to our best

knowledge.

A.1.2 Combinatorial Generalization in Computer Vision

Computer Vision The closest line of work to ours is combinatorial generalization
for image generation where the model needs to learn new combinations of a discrete
set of basic concepts like color and shapes and generalize to unseen combinations
[31, 62, 70, 82]. This problem is often approached with disentangled representation
learning [50, 70| with models like VAE but little evidence shows they can fully
exhibit generalization ability [60, 70|. Okawa et al. [62] studied the capabilities of
conditioned diffusion models on a synthetic shape generation task and showed that
their composition ability emerges with enough training, first to closer concepts, then

to farther ones.
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A.2 Proof of Corollary 5.1

Corollary A.2.1 (Corollary 5.1). Suppose the states lie along a linear manifold M
in the state space S and the latent space Z is well constructed so that Z is (affine)
isomorphic to M. Let s be a state in the training set with corresponding latent vector
z and s’ be an OOC state with corresponding latent vector z'. Then a diffusion model

po that is well trained on Piyqi, can sample s with non-zero probability.

Proof. We prove Corollary 2.4.1 by construction. Suppose M is a d-dimensional
linear manifold and S C R¥, then we note that both M and Z are affine isomorphic
to R?. Therefore, with necessary shifting, we can have 2z’ = z 4+ y where y € Z. Let
v be the corresponding vector of y in M.

Now let’s perform DDIM inversion on a training sample s to obtain the SDE
trajectory {s;}. Let =, be the angle between €(s;,t) and M, there exist a set of
vectors v, such that v = ), sin(y;)oyv, and v, perpendicular to €y(s;,t). Then by
construction and with necessary shifting, the trajectory s; = s;+v; is a valid diffusion
denoising trajectory (with v; acting as the “random” vector ¢; sampled at each time
step). This trajectory will yield s’ as the final state with non-zero probability because
each intermediate Gaussian distribution py(s;_1|8;) = N (81_1; pe(ss, 1), Xe(se,t)) is
defined on the entire ambient space. By [78] we know that v — 7/2 as t — 0,
therefore v can be a non-zero vector. Hence, there exists a v € M such that the

sampling probability of s’ = s + v from diffusion model py is non-zero. ]

While we have proven non-zero probability above, one can easily spot that, the
probability can become extremely close to zero if the OOC sample is very far away
from all training examples due to the intermediate Gaussian distributions. This
corresponds to generalizing to the out-of-distribution samples with unseen base
elements (the gray area in Figure 1). One can mitigate this problem by increasing
the coverage of the support of the training space, which is also a common method
in traditional RL to mitigate the problem of generalization to unseen base elements.
Applying other post-training sampling techniques like repainting [53] can also allow

extra Langevin steps when ¢ is large.
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A.3 Additional Visualization of Value Function of
PPO

We include here the value prediction of PPO for in-distribution and OOC states to

demonstrate that OOC states are also a problem for online methods.

Unsupported States

Success Crash

B Value

BN RTG

Figure A.1: Value prediction of PPO and actual return-to-go (RTG) in unsupported states in
Roundabout environment
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A.4 Experiment Detalils

A.4.1 Hardware and Platform

Experiments are run on a single NVIDIA RTX A6000 GPUs, with all code implemented
in PyTorch.

A.4.2 Statistics

All mean value is obtained by running with three different seeds and calculated with

numpy.mean(). All error bar is obtained by numpy.std().

A.4.3 Model Architecture

The backbone for Unet is based on [34]. We add cross-attention blocks after each
residual block, except for the bottleneck layers. Inputs to the cross-attention blocks
are the conditioning embedding and output of the residual block. To ensure local
consistency of trajectory, we used 1D convolution along the horizon dimension. To
keep the number of parameters for cross attention and the original Unet relatively
balanced, we also used 1D convolution as the mapping from input to key, query, and
value. Detailed model architecture is shown below in Figure A.2.

The number of down-sampling/up-sampling and feature channel sizes is different
for each experiment. Detailed parameters can be found in the section for each

experiment.
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B Residual block
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Conditioning embedding

Figure A.2: Model architecture.

A.4.4 Trajectory formulation

The trajectory T € R? is represented by concatenating the state s, € R% and the
action a, € R% at planning time step u and then horizontally stacking them for

all time steps. For example, a trajectory with planning horizon A can be written as

81 S8S2... S8p
T = .
a; Qas... ap

A.4.5 Pseudo-code

Pseudo-code for planning with conditional diffusion model is shown below in Algorithm
1.
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Algorithm 1 Planning with Attention-based Composition Conditioned Diffusion
Model
Input: Diffusion model €g, compositional elements extractor r, learnable embed-
ding function h, classifier-free guidance scale A, state dimentionality dg, initial
observation o, environment simulator env
while not done do
Initialize 7¢ ~ N(0, )
c + r(o) > Extract observed compositional information
z < h(c) > Obtain element embedding
fort <« T,..1do
7[: dg, 0] < /a0 + /1 — &e, where € ~ N (0, 1) > Replace the first
observed

state with noised o
€ = (1 4+ Neg(st, z,t) — Neg(st, t) > Classifier free guidance

1= (ri- %g;) + ov€s, where e, ~ N(0,1)

end for
a « Tolds :,0] > Extract action
0 <+ env.step(a)

end while

A.4.6 Maze2D

Extra Results
Experiment Details

We followed the setup used in [34]. The hyperparameters shared for large and medium
mazes are shown below in Table A.1. Large maze use a planning horizon of 384
and medium maze use a planning horizon of 256. Conditioning is passed through a
positional embedding layer first to map each dimension of the waypoint (z,y, vy, vy)
to a higher dimension of 21 and concatenate them to form a vector of size (1,21 x 4).
Three waypoints are then stacked together to form a matrix of size (3,21 % 4) and
passed into the cross-attention layer. In our experiment, directly using the waypoints

as conditioning was unsuccessful.
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260 e B3 3

Figure A.5: Figure A.6:
0]0)D) cfg=1.3
Unconditioned) (Conditioned)

Figure A.3: train Figure A.4: ID
traj (Unconditioned) (

Figure A.7: Trajectories generated in Maze2D for medium maze. (a) are samples from
the training set. (b) are trajectories generated by the unconditioned diffusion model
given in distribution start and end positions. (c) are generated by the unconditioned
diffusion model on unseen start and end positions. (d) are generated by a conditioned
diffusion model using 3 waypoints (black dots) as conditioning with classifier-free
guidance (cfg) weight 1.3.

A.4.7 Roundabout

Environment

The training environment consists of all cars or all bicycles and the testing environment

is a mixture of traffic (Figure A.12).

Environment Parameters

We changed the parameters to create a different type of traffic in the roundabout
as shown below in Table A.4. Also, since bicycles have slower speeds, we change
the initialization position so that each environment vehicle can interact with the ego

vehicle.

48



A. State Combinatorial Generalization In Decision Making With Conditional

Diffusion Models

Parameter

Value

number of diffusion steps

action weight

dimension multipliers
classifier free guidance drop conditioning probability

steps per epoch
loss type

train steps
batch size
learning rate

gradient accumulate every

ema decay

256

1

(1, 4, 8)
0.1
10000
12

2e6
32
2e-4

2
0.995

Table A.1: Training parameter for diffusion model in Maze2D

Parameter Car Bicycle
length 5.0 2.0
width 2.0 1.0
speed [23, 25] | 4

max acceleration 6.0 2.0
comfort max acceleration 3.0 1.0

Table A.2: Parameters for car and bicycles in Roundabout environment

In order to collect expert trajectories, we train two PPO models separately on
the environment with all cars and all bicycles. We then collect 320000 successful

trajectories in the training environment. All trajectories have a unified length of 12.

A.4.8 Setup for Roundabout Environment

Here we describe how the Roundabout task in this paper conforms to our problem
description. In this setting our base object set is E = {car, bicycle, null} where null
means an object is non-visible. Since the maximum number of objects in the round-

about is five and we fix the ego agent to be a car, support for the training observation is
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{(car (ego agent), car, car, car, car), (car (ego agent), bicycle, bicycle, bicycle, bicycle)}
and for the testing observation is {(car (ego agent), bicycle, bicycle, car, car)} assum-
ing no ordering and when the state is fully observable. Since the supports for
training and testing are non-overlapping under full observability, they will remain
non-overlapping even when some traffic objects are out of sight, unless the ego agent

is the only object present in the environment.

Experiment Details

We use stable baseline3 [65] as the implementation for PPO. The parameter is
the default parameter used in the Highway environment [45]. We increased total
timesteps because the environment now has two modalities (all cars and all bicycles)
and we observed that PPO takes longer to converge. Detailed parameters for PPO
and diffusion are shown below in Table A.3 and Table A 4.

Parameter Value
policy MlpPolicy
batch size 64
n_steps 768
n_epochs 10
learning rate de-4
gamma 0.8

total timesteps 2e5

Table A.3: Training parameter for PPO
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Parameter

Value

planning horizon

number of diffusion steps

action weight

dimension multipliers

conditioning embedding size

classifier free guidance drop conditioning probability

classifier free guidance weight

steps per epoch
loss type

train steps
batch size

learning rate

gradient accumulate every

ema decay

8

80

10

(1, 4, 8)
20

0.1
1.0
10000
12

led
32
2e-4

2
0.995

Table A.4: Training parameter for diffusion model in Roundabout

Model Size

We include the model size for different algorithms below in Table A.5. To eliminate

the concern for performance gain due to model size, we include the performance of a

large BC model and PPO that has roughly the same number of parameters as the

conditioned diffusion model.

BC PPO Diffusion | Large BC Large PPO
Model size 0.30 MB 0.60 MB | 54.19 MB | 55.65 MB 111.29MB (Policy:55.64+Value:55.64)
Number of parameters 75013 148998 13546370 | 13912325 | 27823622 (Policy:13911040 + Value:13911040)
OOD reward 7.50 (0.03) | 8.19 (0.16) | 8.81 (0.2) | 7.71 (0.3) 8.43 (0.19)
OOD crashes 37.7(0.5) | 36.0 (5.7) | 20.0 (2.5) | 37.3 (4.0) 31.67 (1.89)

Table A.5: Model size, number of parameters, and performance for different models.
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Reliable Conditioning

We demonstrate the importance of having reliable information of base element
composition, we compare the performance of the conditioned diffusion model given

random and ground truth conditionings.

Ground Truth | Random
Number of Crashes 19.67 (2.49) 24.33 (0.47)
Reward 8.81(0.2) 8.1 (0.09)

Table A.6: Performance of conditioned diffusion model given ground truth and random
conditionings.
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A.4.9 StarCraft

Experiment Details

We use the codebase OpenRL [30] for the implementation of MAPPO. Detailed
parameters for MAPPO can be found in Table A.7.

Parameter Value
learning rate actor de-4
learning rate critic le-3
data chunk length 8

env num 8
episode length 400
PPO epoch )
actor train interval step 1

use recurrent policy True
use adv normalize True

use value active masks  False

use linear LR decay True

Table A.7: MAPPO hyper-parameters used for SMACv2. We utilize the hyperparam-
eters used in SMACv2 [17].

Detailed parameters for training a conditioned diffusion model for 5v5 are shown
below in Table A.8 and 3v3 in Table A.9.
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Parameter Value
planning horizon 40
number of diffusion steps 256
action weight 1
dimension multipliers (1, 4, 8)
conditioning embedding size 40

classifier free guidance drop conditioning probability 0.1

classifier free guidance weight [0.7, 1.0, 1.3, 1.5]
steps per epoch 10000

loss type 12

train steps 2e6

batch size 32

learning rate 2e-4

gradient accumulate every 2

ema decay 0.995

Table A.8: Training parameter for diffusion model in StarCraft for 5v5
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Parameter Value
planning horizon 32
number of diffusion steps 256
action weight 1
dimension multipliers (1, 4, 8)
conditioning embedding size 40
classifier free guidance drop conditioning probability 0.1
classifier free guidance weight [0.7, 1.0, 1.3, 1.5]
steps per epoch 10000
loss type 12

train steps 2e6
batch size 32
learning rate 2e-4
gradient accumulate every 2

ema decay 0.995

Table A.9: Training parameter for diffusion model in StarCraft for 3v3
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Dataset Initial State Distribution

The probability of generating each unit type in SMACv2 is imbalanced. Specifically,
the probability for Stalker, Zealot, and Colossus is 0.45, 0.45, and 0.1 respectively.
The initial state distribution of training trajectories collected by MAPPO for random
combination is shown below in Figure A.13 and A.14. Since we only keep the successful
trajectories and use them as expert data, the distribution depends on the generation
probability and MAPPO success rate for different team combinations. A total number
of 240000 trajectories were used to train the diffusion model. Since diffusion is trained
on local observations and actions of all MAPPO actors, the total number of training
samples is 5*240000 for 5vH and 3*240000 for 3v3.

B cba - 25.39 %
B cbb - 16.08 %
B bba-13.15%
B caa-10.27 %
N ccb -10.09 %
B baa - 9.55%
B cca-8.22%
. bbb - 4.87 %
e aaa-2.39%

B ccbba - 13.58 %
B ccbaa - 12.54 %
B cbbaa -12.43 %
B cbbba - 9.04 %
W cccba - 7.97 %
W cbaaa-7.73%
N ccbbb - 4.62 %
B bbbaa - 4.16 %
B cccbb -4.13 %
N ccaaa - 4.00 %
W cccaa - 3.69 %
N bbaaa - 3.65 %
N cbbbb - 2.53 %
B bbbba -2.42 %
N caaaa-1.79 %
N baaaa - 1.64 %
N ccecb - 1.54 %
B cccca-1.51 %
N bbbbb - 0.46 %

B cccec-0.27 %

Figure A.13: Distribution of initialFigure A.14: Distribution of initial
state for 3v3 simple scenario state for Hv5 simple scenario
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Detailed Results on SMACv2

Table A.10 and A.11 show the detailed performance of different algorithms in the

3v3 and 5vH scenarios, respectively.

Env: RL Imitation Learning

3v3 2 PPO + 1 Rand 3 PPO BC 2 PPO + 1 Diffusion
ABC — ABC (ID) 0.18 (0.01) 0.58 (0.02) 0.58 (0.07) 0.59 (0.04)
ABC — AAA (Simple) 0.07 (0.03) 0.52 (0.03) 0.56 (0.02)) 0.59 (0.02)
AAA — AAA (ID) 0.09 (0.04) 0.63 (0.02) 0.6 (0.02) 0.61 (0.05)
AAA — ABC (Hard) 0.11 (0.02) 0.42 (0.02) 0.4 (0.06) 0.49(0.02)

Table A.10: Success rate of each agent in 100 rounds. The first two rows correspond
to the simple setting of generalization to states with different support and the last two
rows correspond to non-overlapping support. Numbers in the parenthesis represent
the standard error over 3 seeds. The best performing method is labeled bold. The 2
PPO + 1 Rand column shows the effect of replacing one PPO trained agent with a
random agent as a baseline for comparison against the 2 PPO + 1 Diffusion case.

Env: RL Imitation Learning

5v5 4PPO + 1Rand 5 PPO BC 4 PPO + 1 Diffusion
ABC — ABC (ID) 0.22 (0.04) 0.64 (0.05)  0.56 (0.05) 0.66 (0.01)
ABC — AAA (Simple) 0.1 (0.03) 0.54 (0.04)  0.52 (0.05) 0.56 (0.02)
AAA — AAA (ID) 0.14 (0.02)  0.58 (0.04)  0.54 (0.04) 0.55 (0.03)
AAA — ABC (Hard) 0.11 (0.02) 0.26 (0.05) 0.28 (0.04) 0.32 (0.04)

Table A.11: Success rate of each agent in 100 rounds. The first two rows correspond
to the simple setting of generalization to states with different support and the last two
rows correspond to non-overlapping support. Numbers in the parenthesis represent
the standard error over 3 seeds. The best performing method is labeled bold. The 4
PPO + 1 Rand column shows the effect of replacing one PPO trained agent with a
random agent as a baseline for comparison against the 4 PPO -+ 1 Diffusion case.

Detailed Results for Ablation

The ablation result for 3v3 and 5v5 scenarios are shown below in Table A.12 and

Table A.13. The first column is the success rate without conditioning (No Cond).
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The second column represents concatenating the conditioning with time embedding
(Concat). The last column represents passing conditioning as another input beside

the trajectory to the cross-attention block (Attn).

Table A.12: Ablation for Diffusion on 3v3

2 PPO + 1 Diffusion

Env 3v3

No Cond Concat Attn
ABC — ABC (ID) 0.55+£0.03 0.59+0.04 0.5940.05
ABC — AAA (Simple) 0.54+0.06 0.59+0.02 0.5940.02
AAA — AAA (ID) 0.440.03 0.64+0.03 0.6140.05
AAA —- ABC (Hard) 0.2840.03 0.44+0.05 0.4940.02

Table A.13: Ablation for Diffusion on 5vH

Fov 5v5 4PPO + 1 Diffusion

No Cond Concat Attn
ABC — ABC (ID) 0.53£0.04 0.5940.03 0.6640.01
ABC — AAA (Simple) 0.50£0.03 0.50+£0.01 0.5640.02
AAA — AAA (ID) 0.47+£0.08 0.55+0.03 0.5840.04
AAA — ABC (Hard) 0.274£0.03 0.3240.04 0.3040.04

2v2

The success rates for StarCraft 2v2 are shown below in Table A.14. We can see
that out-of-combination cases did not cause the performance to drop drastically for
MAPPO. This is because the number of combinations in 2v2 is very limited (e.g.
aa, bb, ab), and if one agent dies, MAPPO has encountered scenarios of playing with
each unit type individually, therefore falling back to in distribution state again. This
scenario also exists for H5vb and 3v3 but only at the end of each game when only one

agent is left.
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Table A.14: SMAC II success rate for 2v2

BC MAPPO Diffusion
Env
BC 1 PPO + 1 Rand 5 PPO No Cond Concat Attn
ABC — ABC (ID) 0.5440.02 0.0640.02 0.62+0.05 0.43+0.04 0.56+0.03  0.57+0.067
ABC — AAA (Simple) 0.47£0.02 0.0240.01 0.57+0.02 0.44+0.02  0.55+0.06 0.4940.06
AAA — AAA (ID) 0.57+0.01 0.0140.01 0.64+0 0.384+0.02 0.63+0.04 0.63+0.02
AAA — ABC (Hard) 0.440.03 0.0440.02 0.44+0.02 0.2940.02 0.43+0.08 0.41+0.06

More Rendering of States Predicted by the Diffusion model

More rendering of the future states predicted by the diffusion model is shown in
Figure A.15.

o I Green: Ego player
Q@ e . o reen: Ego play
va .‘ a ‘ w u ow ‘ U = I Blue: Teammate

I Red: Enemy
Time @ Zealot
° ¥V Colossus
viellh V'm v'm v B v @® =
v v v v v B Stalker
Bl Dark: Shield

Time Bl Light: Health

Figure A.15: Rendering of future states predicted by the diffusion model given
different conditionings. The grey box is the initial state. Yellow boxes are conditioned
on the type of unit in the initial state. Green boxes are conditioned on all Triangles.
Smaller sizes represent less shield or health.
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A.4.10 Model Runtime and GPU Memory

We include the training time and GPU memory used for the conditioned diffusion
model below in Table A.15 and A.16.

Training Time | Roundabout | SMACv2 2v2 | SMACv2 3v3 | SMACv2 5v5
PPO 0.5h 9h 9h 9h
Diffusion 1h 48h 70h 98h

Table A.15: Training time for PPO and conditioned diffusion model in different

environments.
GPU Memory | Roundabout | SMACv2 2v2 | SMACv2 3v3 | SMACvV2 5v5
Diffusion 542 MiB 1004 MiB 2892 MiB 4096 MiB

Table A.16: GPU Memory for training conditioned diffusion model in different

environments.
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A.4.11 Parameter Comparison with Concatenation or
Attention

We demonstrate the number of parameters in attention-based conditioning and
concatenation-based conditioning to eliminate the concern regarding performance gain
due to more parameters. Attention or concatenation has roughly the same number
of parameters as the attention module is convolutional layers and concatenation

increases the parameters of conditioning layer.

Attention | Concatenation
Model size | 617.06 MB 619.64 MB
Parameters | 154264085 154911187

Table A.17: Number of parameters in attention-based conditioning and concatenation-
based conditioning.
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A.4.12 Substituting More MAPPO Agents with Diffusion
Agents

0.350 1

0.325 A

0.300 +

0.275 A

Success rate

0.250 ®
0.225
0.200

0.175 A

1 2 3 4 5
Number of diffusion agent

Figure A.16: Success rate vs number of agents in SMACv?2 5v5 hard scenario that are replaced with
diffusion agents. Replacing more than one MAPPO agent with diffusion agents hurts performance.

We would like to ask the question of what about replacing more than one MAPPO
agent with diffusion model. Figure A.16 shows that the number of diffusion models
does not have a positive correlation with the success rate. This is because MAPPO
can learn a collaborative policy between actors and simply adding more ego-centric
diffusion models will break the coordination between actions. Also, since the diffusion
model is trained to play with all PPOs teammates, replacing other PPO actions with
actions generated by diffusion models will cause a distribution shift that is hard to

quantify.
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Figure A.8: train env 1 (cars)

Figure A.10: test env 1 Figure A.11: test env 2

Figure A.12: Training and testing environments for Roundabout. The green vehicle
is the ego agent and the blue ones are controlled by the environment. The large blue
box represents a car and the small blue box represents a bicycle.
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Appendix B

Accelerating Diffusion Models in
Offline RL via Reward-Aware

Consistency Trajectory Distillation

B.1 Model Architecture

We follow the model architecture used in Chi et al. [9] and Prasad et al. [64] and
continue to use the 1D temporal CNN layer for our Unet and FiLM layers to process

the conditioning information.

B.1.1 Model Sizes for Maze2d

Model parameters for teacher models of Umaze, Medium, and Large Maze are shown
below in Table B.1. The student model has the same architecture as the teacher

model except it also takes one extra variable of denoising timestep as conditioning.

B.1.2 Model Sizes for Gym-MuJoCo

Unet parameters for teacher and student models in the MuJoCo task are shown below
in Table B.2. Model sizes are fixed through 9 different environments.

We follow the setup in Janner et al. [34], where we use Linear layers and Mish
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Parameter Umaze ‘ Medium ‘ Large
diffusion step embed dim 256 256 256

down dims [256, 512, 1024] | [512, 1024, 2048] | [256, 512, 1024, 2048|
horizon 128 256 384

kernel size D ) d

Table B.1: Model parameters for Unet in Maze2d.

Parameter ‘ MuJoCo
diffusion step embed dim 128

down dims [512, 1024, 2048]
horizon 16

kernel size 5

Table B.2: Model parameters for Unet in MuJoCo.

layers [58] for the reward model. Reward model architecture remains the same across

all MuJoCo benchmarks. Model parameters are shown below in Table B.3.

B.2 Training Details

Our models are trained on D4RL dataset [20], which was released under Apache-2.0

license.

B.2.1 Noise Scheduler

We follow the setup in Prasad et al. [64] and use EDM noise scheduler [39] for the

teacher model. Particularly, discretization bins are chosen to be 80.

Student model used CTM scheduler [41] also with discretization bins of 80.

B.2.2 Reward Discount Factor

We use v = 0.997 for hopper, v = 0.99 for walker2d, and v = 0.9 for halfcheetah,

along with an early termination penalty of -100.

66



B. Accelerating Diffusion Models in Offline RL via Reward-Aware Consistency

Parameter

‘ MuJoCo

layer dimensions | [32, 64, 128, 2506]

Trajectory Distillation

Table B.3: Reward model parameters in MuJoCo.

Parameter

CTM ‘ DSM ‘ Reward

hopper-medium-replay
hopper-medium
hopper-medium-expert
walker2d-medium-replay
walker2d-medium
walker2d-medium-expert
halfcheetah-medium-replay
halfcheetah-medium
halfcheetah-medium-expert

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

1.0
3.0
0.0
1.0
0.4
0.2
1.0
0.5
0.0

Table B.4: Weights for CTM, DSM, and Reward loss used in MuJoCo benchmark.

B.2.3 Weight of Different Losses

The weights for CTM, DSM, and Reward loss we used in the experiment are shown

below in Table B.4. Generally, if the training dataset includes more expert samples,

the weight for reward guidance is smaller. A reward weight of 0.0 resembles behavior

cloning with consistency trajectory distillation. We found that as long as the loss

weights are chosen to keep the individual loss terms within the same order of magnitude,

the model will achieve reasonable performance.
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B.3 More Ablations

B.3.1 walker-medium

Table B.5: We compare incorporating the reward model in different stages of training
on MuJoCo walker-medium. Results are presented as the mean and standard error
across 100 seeds.

Walker Unconditioned Reward-Aware
Medium teacher teacher
Unconditioned student 93.3 £1.8 97.0 £1.0
Reward-Aware student 98.9 +1.6 94.5 +2.6

B.3.2 Comparing with fast sampling algorithms for Maze2d

Table B.6: We compare fast sampling algorithms DDIM and CTD, along with our
method RACTD on Maze2d environment. DDIM performs fast sampling based on a
DDPM model, while CTD and RACTD (ours) distill an EDM teacher. The number
of function evaluations (NFE) reflects the sampling speed of each algorithm. Results
are reported as the mean and standard error over 100 random seeds.

U-Maze Medium Large
Method NFE Average Score
Score Score Score
DDPM 100 126.3+0.7  126.8 #3.0  144.8 +49 132.6
DDIM 10 121.2 #1.1 126.2 +28  143.1 +4.9 130.2
DDIM 1 3.5 4.7 —2.6 £125  —1.5 0.7 —-0.2
EDM 80 125.4 0.6 120.1 +42 149.0 +05 131.5
CTD 1 123.4 #1.0  119.8 +41  127.1 £6.4 123.4
RACTD (ours) 1 125.7 +0.6  130.8 1.8  143.8 £0.0 133.4
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B.4 The Trade-off between Mode Selection and
Sample Diversity

In this section, we include a discussion about the trade-off between mode selection
induced by our reward-aware training and the sample diversity of the student. Nat-
urally, favoring selected modes can led to generation with limited sample diversity
as summarized in Table B.7. This trade-off between sample diversity and sample
optimality observed in RACTD is similar to what has been seen in other generative
domains (e.g., language model RLHF [29], classifier-guided diffusion, conditional
image generation), where preference alignment also often reduces sample diversity. In
our case, the reward model acts similarly to a classifier or an alignment reward model,
guiding the model toward desirable behaviors and sacrificing some of the sample
diversity by design.

Importantly, our decoupled framework allows the use of a single, unconditioned
teacher with strong generalization capabilities across tasks. For multi-task or unseen-
task settings, different reward models can be trained per task, and corresponding

student models can be distilled from the same teacher using different reward models.

Table B.7: A summarization of the trade off between sample diversity and model
performance.

Sample diversity Performance Sample time

Reward agnostic diffusion High Low Slow
Reward aware diffusion Low High Slow
Reward agnostic consistency distillation High Low Fast
Reward aware consistency distillation Low High Fast

B.5 Limitations and Future work

One limitation of our approach is the need to train three separate networks: the
teacher, student, and reward model. Training the teacher can be time-consuming,
as achieving strong performance often requires a higher number of denoising steps.

Additionally, consistency trajectory distillation is prone to loss fluctuations, and
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incorporating a reward model into the distillation process may further amplify this
instability. Future work will focus on developing a more stable and efficient training
procedure, as well as exploring methods to integrate non-differentiable reward models

into the framework.
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