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Abstract

Data Augmentation and Generation for Improving Learning-based Autonomous Driving
Models

by

Yiheng Li

Doctor of Philosophy in Engineering Science - Mechanical Engineering

University of California, Berkeley

Professor Masayoshi Tomizuka, Chair

Learning-based models have evolved to become the main-stream in autonomous driving
research and industry recent years, where data serve an irreplaceable role. However, real-
world driving data are costly, requiring expensive data collection instruments and substantial
human labors. Therefore, there is a critical need to maximize the informational yield of
available datasets and investigate synthetic data generation as a scalable alternative, in order
to enable the scaling of learning-based driving models while circumventing the prohibitive
costs associated with massive real-world data acquisition.

In this thesis, we first introduce heuristic approaches for the direct augmentation and syn-
thesis of driving data in Chapter 2, aiming to empirically validate the significance of data
scaling for autonomous driving models. Specifically, we employ prescriptive planning models
to synthesize physically plausible vehicle trajectories and apply geometric transformations
to augment existing map topologies. These operations, while simple enough and involve
no additional data collections, introduce critical diversity to the motion data, both for the
trajectory side and for the map side. By using these augmented data to pre-train a motion
prediction model, we observe substantial gains in the motion prediction accuracy.

Beyond direct geometric augmentations, enriching the semantic modalities of existing datasets
serves as a critical strategy to extract deeper insights from available driving logs and therefore
to maximize data efficiency. In Chapter 3, we augment motion data with natural language
descriptors that characterize complex agent interactions. These interactions, especially those
governed by intricate traffic rules and subtle human intentions, are often notoriously diffi-
cult to distill from raw numerical trajectories alone. Natural language, however, provides
a powerful medium to render these latent constraints explicit. This research led to the
development of WOMD-Reasoning [107], which, at the time of its release, constituted the
most extensive language-annotated dataset for real-world driving interactions. Our results
demonstrate that this multimodal enrichment not only catalyzes motion prediction accuracy
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but also provides a necessary layer of interpret-ability, allowing models to better utilize the
causal logic embedded within existing driving scenarios.

The advent of generative AI has established a new paradigm for synthesizing photorealistic,
vision-based driving data, which is imperative for training robust end-to-end autonomous
driving systems. While these generative frameworks offer the theoretical capability to pro-
duce high-fidelity scenarios, their practical utility is severely constrained by prohibitive train-
ing costs. Consequently, achieving training efficiency is a prerequisite for scalable data
generation. To circumvent this computational bottleneck, Chapter 4 introduces Immisci-
ble Diffusion, a novel image-noise assignment strategy that fundamentally accelerates the
convergence of diffusion models, achieving up to a 3× efficiency gain. Building upon this
foundation, Chapter 5 provides a rigorous analysis of the feature-level suboptimalities inher-
ent in standard diffusion processes, while elucidating the underlying mechanisms that drive
the efficiency enhancements of our approach. Guided by these insights, we propose general-
ized implementations of Immiscible Diffusion that further elevate training efficiency to > 4×,
establishing a versatile framework adaptable to diverse model architectures and training en-
vironments. Collectively, these algorithmic innovations enable cost-effective, high-fidelity
data synthesis, serving as the computational backbone for scalable vision-based driving data
synthesis and closed-loop driving simulation.

In summary, this dissertation establishes a cohesive framework for data-centric autonomous
driving, progressing from heuristic data augmentation and semantic data enrichment to
fundamental optimizations in generative modeling for data generation. By systematically
resolving bottlenecks in data utilization and generation, this work unlocks the potential of
synthetic data as a scalable engine for autonomous driving systems. These contributions
lay the essential groundwork for a future where robust driving models are trained within
high-fidelity, closed-loop simulations, minimizing the reliance on labor-intensive real-world
data collection.
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Chapter 1

Introduction

1.1 Background and Motivation
The pursuit of fully autonomous driving [134, 72, 50, 11] constitutes one of the most trans-
formative engineering challenges of the modern era, which has witnessed significant mile-
stones in recent years. In the realm of L4 [27] (Level 4) autonomous driving, defined as high
driving automation within a specific Operational Design Domain (ODD) without human
intervention, large-scale robo-taxi fleets have been successfully deployed across major U.S.
cities. These fleets have accumulated millions of autonomous miles, reportedly achieving
an 80% reduction in injury-related crash rates [94]. Concurrently, regarding L2 (Level 2)
autonomous driving (i.e., partial automation requiring human supervision), leading manu-
facturers [39, 40] have widely integrated L2 modules into consumer vehicles to alleviate the
driving burden for users.

Over the past decade, the autonomous driving research field has witnessed a paradigm
shift from modular, rule-based pipelines [178, 220] toward robust, learning-based architec-
tures [14, 55, 156, 75, 159]. Whether through modular pipelines that utilize deep learning
for perception [218, 138, 28], prediction and planning [56, 47, 14, 156], or recent End-to-End
(E2E) frameworks that map raw sensor inputs directly to control commands [69, 159], the
efficacy of autonomous driving models is increasingly defined by the scale, semantic diversity
and coverage of the data used for training.

However, this reliance on data has introduced a critical bottleneck. While algorithmic
architectures have gradually matured, the acquisition of high-quality training data remains
prohibitively expensive and logistically complex [28, 106]. Collecting real-world driving data
requires fleets of sensor-equipped vehicles (demonstrated in Fig. 1.1) to traverse hundreds
of hours to capture statistically significant distributions of traffic scenarios [13, 41, 15]. For
example, the Argoverse v1.1 [15] spends 320 driving hours in selecting a motion dataset
with 324k scenarios, while its 2nd version [193] further takes 763 driving hours to offer 250k
scenarios. Another example is, the Waymo Open Motion Dataset (WOMD) [41] selects
104k scenarios from 574 hours of driving data. Furthermore, raw sensor data must undergo
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Figure 1.1: Sensor-equipped Vehicle for Real-world Data Collection. The figure
illustrates the data collection platform utilized by [193]. Retrofitted upon a standard vehicle
chassis, the system is instrumented with multiple cameras and LiDARs for robust perception.
This complex sensor suite significantly elevates the hardware cost compared to consumer
vehicles. © Argo AI, LLC.

rigorous human annotation to generate the ground truth required for supervised learning, a
process that is labor-intensive and difficult to scale [206].

This challenge is exacerbated by the long-tail distribution of driving events [78]. Nominal
driving scenarios (e.g., highway cruising, stopping at red lights) are abundant, but safety-
critical edge cases, such as aggressive cut-ins, unprotected left-turns and erratic pedestrian
behaviors etc., are statistically rare [157]. Relying solely on real-world data collection to
capture these rare events is economically unsustainable. Consequently, there is a critical
need to maximize the informational yield of available datasets, and to investigate
synthetic data generation as a scalable alternative.

In this dissertation, we establish a cohesive framework for data scarcity problems in train-
ing learning-based autonomous driving models. We address these challenges through three
progressive stages: heuristic data augmentation [106], semantic data enrichment with lan-
guage [107], and optimizations of diffusion-based models’ training efficiency for vision-based
driving data generation [104, 105]. These methods help to alleviate the reliance on labor-
intensive real-world data acquisition, enabling the construction of a scalable data engine that
is not only physically diverse and semantically meaningful, but also computationally efficient
for training robust autonomous driving models.

1.2 Research Scope and Contributions
In each chapter of this dissertation, we systematically discuss techniques we develop to
improve data utilization and generation for autonomous driving, unlocking the potential
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of data enrichment and data generation as a scalable engine for the driving systems. The
contributions are organized into three main parts:

1.2.1 Heuristic Augmentation of Driving Data

An intuitive solution to tackle the data scarcity problem is to synthesize more driving data
based on existing ones. In Chapter 2, we introduce heuristic approaches for the direct
augmentation and synthesis of existing driving data. Through introducing such a simple
and straight-forward data augmentation process, we aim to validate the significance of data
scaling for improving motion prediction models.

Specifically, we employ prescriptive planning models to synthesize physically plausible
vehicle trajectories and apply geometric transformations to augment existing map topolo-
gies. Unlike naive noise injection, these operations ensure that the synthesized data re-
mains kinematically valid while introducing critical diversity to both the trajectory and
map modalities. By using these augmented data to pre-train a motion prediction model in
a self-supervised style, we demonstrate substantial gains in prediction accuracy, validating
that heuristic synthesis can effectively densify the training distribution and improve motion
predictions without additional data collection costs.

1.2.2 Semantic Enrichment via Natural Language

Beyond data augmentations, existing data often lack semantic depth. Raw numerical tra-
jectories capture how agents move, but not why. In Chapter 3, we address this by enriching
motion data with natural language descriptors that characterize high-level agent interac-
tions, defined as those interactions transcend mere spatial proximity, like those interactions
induced by traffic rules or human intentions.

Interactions governed by intricate traffic rules (e.g., yielding at stop signs) or subtle
human intentions (e.g., aggressive merging) are notoriously difficult to be learned from tra-
jectory coordinates alone by either rule-based or learning-based autonomous driving models.
Encouragingly, natural language provides a powerful medium to render these latent con-
straints explicit. This leads to the development of our WOMD-Reasoning [107] dataset,
which constituted the most extensive language annotation dataset for real-world driving sce-
narios featuring interactions at the time of its release. We designed an automatic pipeline,
consisting of a rule-based tool translating motion data into raw language descriptions and
a Large Language Model(LLM)-based tool to produce scene descriptions and interaction
analysis in the form of Q&A’s based on the raw descriptions, which can enrich the semantic
information of motion data without additional human labor. Our experiments show that this
language enrichment not only catalyzes motion prediction accuracy but also provides a nec-
essary layer of interpretability, enabling models to reason about the causal logic embedded
within driving scenarios.
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1.2.3 Efficient Generative AI for Data Synthesis

The advent of generative AI has established a new paradigm for synthesizing photo-realistic,
vision-based driving data, which is imperative for training robust end-to-end autonomous
driving models. However, while generative frameworks offer unprecedented high fidelity,
their practical utility is constrained by prohibitive training costs. Chapter 4 and Chapter 5
are to address this computational bottleneck.

In Chapter 4, we introduce Immiscible Diffusion, a novel image-noise assignment strat-
egy for enhancing the training efficiency of diffusion-based vision generative models. We
notice that mapping each image to the whole noise space in diffusion-based models may
cause confusions in the denoising process, therefore limits the effectiveness of some denoising
layers and drags the overall training procedure of diffusion-based models. By optimizing the
mapping between images and noise with in-batch image-noise assignment according to their
Euclidean (L2) distance during training, we fundamentally mitigate the ambiguity in the
denoising process and accelerate the convergence of diffusion models, achieving up to a 3×
efficiency gain [104].

Building upon this, Chapter 5 provides a rigorous analysis of the feature-level subop-
timalities inherent in standard diffusion processes. Guided by these insights, we propose
generalized implementations of Immiscible Diffusion that further elevate training efficiency
to > 4× across diverse diffusion-based baseline models. Excitingly, we found Immiscible
Diffusion also effective for improving the accuracy of diffusion policy. These algorithmic
innovations serve as the computational backbone for cost-effective, high-fidelity driving data
generator.

1.3 Dissertation Organization
The remainder of this dissertation is organized as follows:

• Chapter 2 details the heuristic driving data augmentation pipeline, demonstrating
how geometric transformations and planning-based data augmentations can scale driv-
ing data, and therefore improve the trajectory prediction model’s performance.

• Chapter 3 presents the WOMD-Reasoning, the dataset we build to extract latent
semantic information from driving data and render it into explicit natural language.
We detail the automatic pipeline we build to generate the dataset without additional
human labor, but instead with LLMs. We further fine-tune a multi-modal LLM, taking
motion data as inputs to offer semantic analysis, upon WOMD-Reasoning. The fine-
tuned model can analyze interactions in driving scenarios, and these analyses are later
proved to be effective in enhancing the accuracy of motion predictions in autonomous
driving.
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• Chapter 4 introduces the Immiscible Diffusion, a physics-inspired algorithm to im-
prove the training efficiency of diffusion-based models with few lines of code, which
can significantly lower the cost of training for vision-based driving data generations.

• Chapter 5 further expands the theoretical framework of Immiscible Diffusion, offer-
ing generalized implementations and deeper theoretical analysis, making it a flexible
method widely work for diverse diffusion baselines. Besides, we also find Immisci-
ble Diffusion can help improve diffusion policy’s action quality, shedding light into its
application in diffusion-based motion prediction models.

• Chapter 6 concludes the dissertation and outlines future directions for solving data
scarcity problem in learning-based autonomous driving models.
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Chapter 2

Pre-training on Synthetic Driving Data
for Trajectory Prediction

Accumulating substantial volumes of real-world driving data proves pivotal in the realm of
trajectory forecasting for autonomous driving. Given the heavy reliance of current trajectory
forecasting models on data-driven methodologies, we aim to tackle the challenge of learning
general trajectory forecasting representations under limited data availability. We propose
to augment both HD maps and trajectories and apply pre-training strategies on top of
them. Specifically, we take advantage of graph representations of High-Definition (HD) map
and apply vector transformations to reshape the maps, to easily enrich the limited number
of scenes. Additionally, we employ a rule-based model to generate trajectories based on
augmented scenes; thus enlarging the trajectories beyond the collected real ones. To foster
the learning of general representations within this augmented dataset, we comprehensively
explore the different pre-training strategies, including extending the concept of a Masked
AutoEncoder (MAE) for trajectory forecasting. Extensive experiments demonstrate the
effectiveness of our data expansion and pre-training strategies, which outperform the baseline
prediction model by large margins, e.g. 5.04%, 3.84% and 8.30% in terms of Miss Rate
(MR6), minimum average displacement error (minADE6) and minimum final displacement
error (minFDE6), whose detailed definitions can be found in [15].

2.1 Introduction
Trajectory forecasting is an important task for safely navigating autonomous vehicles in
crowded traffic scenarios. The state-of-the-art trajectory forecasting models are empowered
by data-driven supervised learning approaches, whose performance heavily relies on the
scale of motion data available for training [42, 206, 196]. However, driving data is expensive
and time-consuming to collect and annotate, which hinders cost-efficient scaling of training
data as in Natural Language Processing (NLP) and Computer Vision (CV). Data-collection
vehicles with sophisticated sensors need to run on public roads to collect traffic data. For
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Table 2.1: Effortless Driving Data Generation.

Dataset Driving Hours Scenes

Argoverse v1.1 320 324k
Synthetic Dataset +0 +370k

Figure 2.1: Our data synthesis and self-supervised pre-training pipeline enhances
prediction performance without extra real-world driving data. The area of each
circle is proportional to the number of driving scenes used, including the synthetic and
real ones. The numbers in the circles indicate the percentages of real-world driving data
from the Argoverse dataset used for fine-tuning. (A lower minimum final displacement error
(minFDE6)[15] is preferable.)

instance, the Argoverse V1.1 dataset [15] and the Waymo Motion Dataset [42] consist of
324k and 103k driving scenes, which add up to a total of 320 and 574 hours of driving
data, respectively. Notably, a substantially larger amount of raw data needs to be collected
in order to filter out the given amount of high-quality training data. In addition to data
collection, a significant amount of human labor is required to annotate the raw data into a
cohesive dataset—traffic participants need to be annotated; and HD maps need to be aligned
and integrated with the traffic data.

In this chapter, we sought synthetic data as a solution to break through the data bottle-
neck in trajectory forecasting. We propose to automatically generate synthetic driving data
to complement real-world data, enhancing the overall data diversity and utility. Compared
to collecting and processing real-world data, which involve huge labor, generating synthetic
data is effortless—as shown in Tab. 2.1, our proposed data generation method only takes 20
computational hours to generate a comparable number of scenes to the real-world dataset.
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Yet, as shown in Fig. 2.1, the synthetic data can improve the prediction accuracy and data
efficiency when paired with our proposed training pipeline.

Concretely, our proposed data generation consists of two parts: 1) map augmentation;
and 2) trajectory generation. For map augmentation, we adopt the vector-transformation
method proposed in [6] to convert the linear lanes found in real-world maps into curved
lanes within a defined range of sharpness and angle, as shown in Fig. 2.2 (upper-left). The
augmented curved roads are introduced to diversify the map data—curved lanes occur at
a significantly low frequency in real-world data. Subsequently, we navigate a simulated
vehicle on both real-world and augmented maps with a rule-based planner [204] to generate
trajectory data. The rule-based planner leverages prior knowledge to facilitate the realism
of the generated trajectories.

Despite our efforts to improve the realism of the generated data, there still exists consid-
erable discrepancy between the synthetic and real-world data. One crucial question is how
to efficiently utilize the synthetic data to foster prediction performance while minimizing
the impact of the domain gap. To answer this question, we conducted an extensive study
on different training algorithms to use the synthetic data. In particular, we compare three
different paradigms: augmenting the real-world prediction dataset [216, 151, 85], supervised
pre-training [60, 123, 192], and self-supervised pre-training [181, 4, 21, 59, 58, 34, 203, 22,
141, 213]. As for directly augmenting the prediction dataset, we disregard the domain gap
and mix the synthetic and real data to train the prediction model directly. In our supervised
pre-training paradigm, we first pre-train the model for the supervised trajectory prediction
task on the synthetic dataset, and then fine-tune the model on the real dataset. While
the pre-training and fine-tuning tasks are both supervised prediction tasks, the two-stage
scheme is introduced to mitigate the bias due to the domain gap. Further, in self-supervised
pre-training, we substitute the supervised pre-training task with self-supervised masked re-
construction tasks [58] tailored to trajectory forecasting, i.e., map reconstruction, trajectory
reconstruction, or a combination of both. The goal is to train a generalizable scene repre-
sentation on the synthetic data that oversees detailed domain-specific information and can
benefit cross-domain fine-tuning. Extensive experiments conducted on the Argoverse dataset
with DenseTNT backbone demonstrate that self-supervised pre-training outperforms the
other two ways. With our synthetic data generation and self-supervised pre-training pipeline,
the fine-tuned model outperforms the baseline model by a large margin—5.04%, 3.84%, and
8.30% in terms of MR6, minADE6 and minFDE6. Detailed ablation studies are then con-
ducted to shed light on the influence of some subtle factors on prediction performance, such
as information leak and map augmentation.

Our contributions are summarized as follows:

• We propose to leverage synthetic map and trajectory data to address the data scarcity
issue in trajectory forecasting with minimal cost. In particular, we introduce a novel
data generation scheme that consists of geometric-based map augmentation and rule-
based trajectory generation.
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• We conducted extensive experiments to pinpoint the best training scheme to utilize the
synthetic data. Our results show that self-supervised pre-training is the most effective
one among the three tested paradigms: augmenting the training dataset, supervised
pre-training, and self-supervised pre-training.

• With our synthetic data generation and self-supervised pre-training pipeline, the fine-
tuned model outperforms the baseline model by a large margin—5.04%, 3.84%, and
8.30% in terms of MR6, minADE6 and minFDE6.

2.2 Related Works

2.2.1 Data Augmentation in Trajectory Prediction

Data scarcity is a bottleneck for exploring the model’s capacity for better performance [196].
To address this issue, numerous data augmentation techniques, such as the application of
image transformations [21, 183, 194] and utilization of synthetic data [205, 51, 43, 194],
are introduced in the CV community to augment or replicate seldom-seen real-world scenes.
While these methods expand the dataset, they also introduce a domain gap between the
real-world distribution and their augmented counterparts. In the trajectory prediction prob-
lem, the unique properties of trajectory and map data necessitate a specific design for data
augmentation or generation that is both reasonable and cost-effective. In the approach de-
tailed in [5], a simple augmentation technique is applied to the vehicle’s velocity properties
to mimic unpredictable driver behaviors in anticipation of future trajectories based on past
history. Additionally, [6] proposes the use of map augmentation techniques to alter the topo-
logical semantics of map information as adversarial attacks on current trajectory prediction
models. While these methods expand the dataset size, their additional trajectories are simple
geometric transformations of existing lane elements or trajectories, without careful consider-
ation of the feasibility and realism of the transformed trajectories. In our work, we enhance
the map data to supplement limited features, like curves and turns, and employ a rule-based
simulation to mimic reasonable traffic behaviors for trajectory generation.

2.2.2 Pre-training in Trajectory Prediction

Pre-training is effective for the data shortage problem in trajectory prediction. In [196], con-
trastive learning was used to cluster similar map patches and establish associations between
map patches and the trajectory, thereby fully utilizing the existing map data. In [9], four
pre-training tasks were initiated, including randomly masking and recovering parts of the
features, to enhance the encoding. Concurrently to our work, [17, 23] used MAE to pre-train
the encoder. However, these methods did not introduce any new data. Another work [5]
generated a pseudo trajectory that strictly follows the lanes for pre-training. However, this
strict compliance hinders the realism of the pseudo trajectories. In contrast, our work aims



CHAPTER 2. PRE-TRAINING ON SYNTHETIC DRIVING DATA FOR
TRAJECTORY PREDICTION 11

Driving Data Utilization

Map 
Augmentation

Trajectory 
Generation

Driving Data Synthesis

HD Map Synthetic
Data

Masking & 
Reconstruction 

Pretraining

Finetuning with 
Backbone

Pretrained
Model

Augmented
Map

(a) Before Transformation (b) Single-turn (c) Double-turn

Reference Path

Ego 
Vehicle

Projected Ego Vehicle Coarse Planning

Refined 
Trajectory

(a) (b) (c)

Map Reconstruction

Traj. Reconstruction

Figure 2.2: Pipeline of driving data synthesis and utilization. We augment the map
and generate trajectory on it to acquire synthetic motion data, which are then used for
pre-training via masking and reconstruction. The pre-trained model is used to initialize the
backbone model during fine-tuning.

to generate realistic synthetic trajectories to mitigate the domain gap between the synthetic
and real data.

While limited efforts on pre-training exist in the trajectory forecasting literature, some
auxiliary tasks have been introduced to regularize trajectory prediction models during train-
ing. [47] introduced a feature-masking task to encourage feature interactions, which inspired
us to use methods in CV [58] and NLP [34] to stimulate feature interactions in the learned
scene representation. Taking cues from these works, we investigated masked reconstruction
as a self-supervised pre-training method to utilize the synthetic data.

2.3 Methods

2.3.1 Synthetic Map and Trajectory Data Generation

Map Data Augmentation

Considering the lack of curve trajectory in the real-world training dataset, we add the map
augmentation module to our data synthesis pipeline. Inspired by the conditional adversarial
scene generation process proposed in [6], we design transformation functions that alter the
original map topology, as shown in Fig. 2.2 (upper-left). Given that each scene is composed
of a set of scene points, we define the transformation on each scene point (sx, sy) in the
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following form:
s = (sx, sy + f(sx − b)) (2.1)

where s is the transformed point, f is the single-variable transformation function, and b
is a parameter that determines the region of applying the transformation, i.e., we only
modify the scene points whose x-coordinates surpass b. We further adopt the following two
transformation functions for our map augmentation process.

Single-turn introduces a single turning on the roadway. The transformation function
for single-turn is defined as:

fsingle−turn(sx) =


0, sx < 0,

qα(sx), 0 ≤ sx ≤ st

(sx − st)q
′
α(st) + qα(st), st < sx

(2.2)

where st represents the length of the turn and qα is an auxiliary function defined by

qα(sx) =
α1

sα2
t

sα2
x (2.3)

where α1, α2 are the parameters to control the turn’s sharpness and angle. Note the q′α is
simply the derivative of qα. Our formulation of fsingle−turn(sx) is continuously differentiable
and thus makes a smooth augmented single-turn curve.

Double-turn introduces two consecutive smooth single-turns in opposite directions to
the road. The transformation function for double-turn is based on the that of single-turn:

fdouble−turn(sx) = fsingle−turn(sx)− fsingle−turn(sx − β) (2.4)

where β is the distance between two turns. In practice, we randomly select single-turn or
double-turn augmented lanes and randomly assign values in a specific range to ensure a
reasonable extent of transformation, as shown in Tab. 2.2.

Trajectory Data Generation

To generate labeled trajectory data on both real-world and augmented maps, we implement
a trajectory data generator to synthesize pseudo-expert trajectories in single-car scenarios,
as illustrated in Fig. 2.2 (bottom-left). Following the motion data generation pipeline pro-
posed in [204], we began by projecting its position onto the nearest reference path obtained
from the training dataset in order to determine the optimal trajectory for the ego vehicle.
Subsequently, we utilize the A∗ planning method on this reference path to generate a pre-
liminary, coarse trajectory. Specifically, we define a node ni in the search space by a tuple
(si, vi, ti), which respectively represents the ego vehicle’s coordinate, velocity, and time on
the reference path. A transition from ni to ni+1 defines the ni+1 by:

(si+1, vi+1, ti+1) = (si + viδt+
1

2
aδt2, vi + aδt, ti + δt) (2.5)
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Table 2.2: Parameter selection for data synthesis.

Traj. Param. Value Map Param. Value

a ∈ [−2, 1] sx 10
w1 5 α1 ∈ [1, 10]
w2 5 α2 20
w3 1 st 10
vd ∈ [6, 15] β 20

where a denotes the acceleration and δt denotes the minimum time interval for coarse plan-
ning. The cost function of the transition is given as:

C(ni, a, ni+1) = w1a
2 + w2κ(si+1)v

2
i+1 + w3(vi+1 − vd)

2 (2.6)

where w1, w2, w3 are weights for each term, κ(si+1) denotes curvature of reference path at
si+1, and vd denotes desired driving velocity set in prior. The planning process concludes
when the time associated with the searched node surpasses the end time tg, resulting in the
conversion of the resultant path into a coarse trajectory sc(t) within the global frame. The
hyperparameters adopted for the synthetic trajectory generation pipeline are listed in Tab.
2.2. Finally, we introduce an additional refinement procedure to map the initial state of the
final pseudo-expert trajectory to the current state of the ego car. Concretely, we solve the
following optimization problem to acquire the refined trajectory sr(t):

min
sr

tg∑
T=δt̂

ω1ar(T )
2 + ω2jr(T )

2 +

tg∑
T=kδt̂

ω3(sr(T )− sc(T ))
2

s.t. vr(T0) = v0 and sr(T0) = s0 (2.7)

where ω1, ω2, ω3 are weights for each term, ar, jr are refined acceleration and jerk, δt̂ is
the fine-grained time step such that kδt̂ = δt. v0, s0 corresponds to the ego car’s initial
velocity and position.

2.3.2 Utilization of Synthetic Data

To make maximum use of synthetic data while avoiding the influence of domain gaps, we
comprehensively study several candidate approaches to identify the best strategy. The first
approach is to directly combine the synthetic and real data for training, i.e. treating them
identically. While this method is fairly straightforward, it also introduces bias into the model
due to the domain gap between the synthetic and real data. Another method is supervised
pre-training: we first pre-train the model for the supervised trajectory prediction task on
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the synthetic dataset, and then fine-tune the model on the real dataset. While the pre-
training and fine-tuning tasks are both supervised prediction tasks, the two-stage scheme is
introduced to mitigate the bias caused by the domain gap. To further mitigate the influence
of the domain gap, finally, we investigate the self-supervised pre-training method which is
elaborated in the following subsection.

2.3.3 Self-supervised Pre-training Framework

We adapt MAE [58] into a self-supervised pre-training framework for trajectory forecasting.
The goal is to learn a generalizable scene representation that can well capture the interac-
tions between lanes and the ones between lanes and trajectories from the synthetic data.
During the pre-training stage, a specific percentage of trajectories or map lanes are masked,
challenging the model to reconstruct the masked segments. The masked objects are replaced
with mask tokens, which are learned and shared parameters that signal the existence of a
masked object to be reconstructed [58]. Positional encoding is added to provide the subor-
dinate and sequential information. Though specific information is removed in mask tokens,
they still provide the model with where the masked information is. Such information leak will
lead the model to find a shortcut to interpolate missing information instead of to reconstruct
them by context understanding [48]. To prevent this, only the unmasked elements are pro-
cessed through the backbone’s encoder. Thereafter, the masked tokens, in combination with
the encoded unmasked parts, are fed into a shallow transformer decoder to reconstruct the
masked parts. Upon completion of the pre-training phase, the backbone model is initialized
using the encoder parameters of the pre-trained model, and then fine-tuned on real-world
data for the prediction task. This approach enables the model to acquire general semantics
during the pre-training stage while discarding extraneous details.

2.3.4 Masking Strategy

We propose and compare different design options for masking and reconstruction during the
pre-training stage:

Map Reconstruction

Map reconstruction is proposed to foster the encoder to capture the lane features and their
interactions. The masking policies and reconstruction procedures are illustrated in Fig. 2.2
(upper-right). We randomly choose 50% lanes as masking lanes, replacing everything but
the coordinate information for their first points with mask tokens. These masked objects,
together with the encoded features of the unmasked objects, are then fed into the decoder.
Utilizing lane-wise interactions, the feature of the masked lanes would be recovered. Point-
wise L1 loss is employed across all our experiments. The loss function of map reconstruction
lmap is defined as the difference between the reconstructed lane and the ground-truth one.
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Trajectory Reconstruction

Trajectory reconstruction is introduced to improve the model’s understanding of the trajec-
tory features and the interactions between the trajectory and map elements, as shown in
Fig. 2.2 (bottom-right). Since the synthetic scene only consists of one agent, only a single
trajectory is masked in each scene. We retain its starting point in the masked object as
in map reconstruction. To prevent modal collapse, the decoder is allowed to produce six
potential trajectories. We select the one with the minimum loss to define the loss function
ltraj. Additionally, to ensure that all modes are activated, we add the weighted reconstruc-
tion errors of the remaining modes to the loss function as regularization. A weight of 0.05 is
used in our experiments.

Combination of Map and Trajectory Reconstructions

We integrate both map and trajectory reconstruction tasks by randomly selecting a percent-
age of scenes within a mini-batch to conduct either of the reconstructions. This selection
is achieved by generating a random number prior to masking each scene. As a result, the
same scene could undergo different reconstruction tasks across various epochs. The overall
loss function is computed as the average of the individual scene-specific losses previously
described.

2.4 Experiments

2.4.1 Experiment Setup

Synthetic Dataset. The pre-training dataset is generated in accordance with the methods
outlined in Sec. 2.3.1. The Map is sourced from the HD maps and APIs in the Argoverse
v1.1 Motion Forecasting Dataset [15]. We generate trajectories on both the original map
and the augmented map. The resultant generated dataset contains 370k scenes, where 205k
are generated on the original map and 165k are generated on the augmented map. Each
generated scene contains the vehicle’s position spanning 5 seconds, following the format of
the Argoverse v1.1 Motion Forecasting Dataset. As visualized in Fig. 2.4, the generated data
align well with a vast spectrum of velocities present in the real-world data distribution.

Argoverse v1.1 Motion Forecasting Dataset. The Argoverse v1.1 Motion Fore-
casting Dataset [15] is a renowned dataset frequently employed in vehicle motion prediction
studies. It consists of 324k scenes, each spanning 5 seconds and sampled at 10 Hz. In every
scene, the initial 2 seconds serve as the history, while the subsequent 3 seconds are designated
for prediction. Additionally, the dataset also includes HD maps collected from Pittsburgh
and Miami, covering all the scenes in the dataset. There are 205k and 39k scenes in the
training and validation sets, respectively, in which the validation set is used for evaluating
our model.
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Table 2.3: Method Comparison for Using Synthetic Data.

Method Pretrain Task MR6(%) (↓) minFDE6 (↓) minADE6 (↓)

Baseline / 9.73 1.0673 0.8052

Dataset Augmentation / 9.45 1.0567 0.7432
Supervised whole PT Prediction 9.34 1.0371 0.7551
Supervised encoder PT Prediction 9.20 1.0369 0.7639
Self-supervised PT Reconstruction 9.24 1.0263 0.7384

(a) (b) (c) (d)

Figure 2.3: Performance comparison without or with pre-training. The green line
and star indicate the true trajectory and its last point, while orange ones are the predicted
ones. The orange background shows the possibility of each point being the predicted last
point of the trajectory. (a) and (b) show the prediction results without or with trajectory
pre-training. (c) and (d) illustrate the performance without or with map pre-training.

Evaluation Metrics. Following Argoverse’s benchmark, we use miss rate (MR6),
minimum final displacement error (minFDE6), and minimum average displacement error
(minADE6) as the evaluation metrics. The subscripts mean that the minima are computed
over six predicted trajectories.

Implementation Details. In our experiments, we adopt DenseTNT [55] as the pre-
diction backbone. DenseTNT uses Vectornet [47] as its encoder which adopts a vectorized
scene representation, i.e., the lanes and trajectories are represented as vectors, which makes
the masking process straightforward. The pre-training is conducted on a Nvidia A6000 GPU
with a batch size of 256. The learning rate is 10−5 for trajectory reconstruction and 10−3 for
map reconstruction. For mixed map and trajectory reconstructions, we use a learning rate of
10−4. Except for the GPU, all other fine-tuning settings are the same as in DenseTNT [55].
During evaluation, we choose the 100ms optimization for minFDE6.

2.4.2 Comparison of Different Training Methods

We compare the performances of multiple methods described in Sec. 2.3.2. The results are
shown in Tab. 2.3. While directly augmenting the training dataset can slightly improve
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(a) (b) (c)

(d) (e) (f)

Figure 2.4: Data distribution comparison between synthetic dataset (blue) and
the real-world dataset (red) in terms of the speed and direction properties. (a)
represents the map representation for MIA city. (b) represents the trajectory distribution
of scenes in (a), showing a pattern of divergence in velocity properties. (c) represents the
trajectory distribution of scenes in (b) rotated to the same initial direction, demonstrating
a pattern of divergence in direction properties. (d)(e)(f) are the counterparts of (a)(b)(c) in
PIT city.

the prediction accuracy, it does not perform as well as pre-training approaches. The result
is consistent with our motivation behind adopting pre-training methods. For supervised
pre-training methods, we compared two alternative fine-tuning strategies: initializing the
entire model with the pre-trained model or only initializing the encoder with the pre-trained
one. We found that the decoder does not benefit from loading the parameters from the pre-
trained model. Our hypothesis is that the domain-specific nuances learned by the decoder
during supervised pre-training might not generalize well to real-world scenarios. It implies
that the synthetic data is most suitable for improving representation learning rather than
directly improving the entire backbone model for trajectory prediction. To this end, self-
supervised pre-training should be the most efficient way to utilize the synthetic data, as the
training tasks are deliberately designed for learning generalizable scene representation, which
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Table 2.4: Performance of Self-Supervised Pre-Training.

Method MR6(%) (↓) minFDE6 (↓) minADE6 (↓)

Baseline 9.73 1.0673 0.8052

Map Reconstruction 9.20 (-5.45%) 1.0343 (-3.09%) 0.7571 (-5.97%)
Trajectory Reconstruction 9.24 (-5.04%) 1.0263 (-3.84%) 0.7384 (-8.30%)
Combined Reconstruction 9.27 (-4.73%) 1.0349 (-3.04%) 0.7284 (-9.54%)

is supported by the experimental results—The self-supervised pre-trained model achieves the
best prediction accuracy after fine-tuning.

2.4.3 Comparison of Self-Supervised Pre-training Tasks

We present the experimental results of different self-supervised pre-training tasks in Tab.
2.4. The results show that all of the self-supervised pre-training tasks can substantially
improve the prediction accuracy compared with the baseline. Specifically, with map recon-
struction, an MR6 of 9.20% is observed, which is 5.04% lower than the baseline. Trajectory
reconstruction pre-training helps improve the minFDE6 by 3.84% compared to the baseline.
Combining them together, when we allocate 70% scenes in a batch to map reconstruction
and 30% scenes to trajectory reconstruction, we achieve a minADE6 of 0.7284, marking an
improvement of 9.54% against the baseline.

To elucidate the impact of our synthetic data and the pre-training, we provide qualitative
examples in Fig. 2.3. Fig. 2.3 (a) and (b) contrast prediction outcomes without and with
trajectory reconstruction pre-training. We observe that the model without pre-training
predicts potential right-turn trajectories. However, since the target vehicle is not in the
right-turn lane, its intention to go straight should be able to be identified, if the spatial
relation between the historical trajectory and the lanes is captured by the encoder. In
contrast, trajectory pre-training strengthens the model’s confidence in discerning the go-
straight intention. Sub-figures (c) and (d) compare the prediction outcomes of the models
without and with map reconstruction pre-training. In these sub-figures, the right-turn lane
eventually merges with the 2nd lane from the right. We observe that with map pre-training,
the model is able to more accurately predict that the vehicle will not merge into the 1st
lane from the right. This result aligns with expectations—map reconstruction enhances the
model’s understanding of lane connectivity, thereby improving prediction accuracy.

2.5 Discussion
In this section, we elaborate on some detailed design choices we made. In Sec. 2.5.1, we
validate the necessity of map augmentation. In Sec. 2.5.2, we analyze the synthetic data
distribution to further validate the necessity of self-supervised pre-training. In Sec. 2.5.3,
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Table 2.5: Contributions of map augmentation.

Pretrain Dataset MR6(%) minFDE6 minADE6

Baseline 9.73 1.0673 0.8052

Original Map 9.40 1.0517 0.7694
Original+Augmented Map 9.20 1.0343 0.7571

we look into the information leak problem and validate our pre-training model architecture
choice, which avoids information leak and effectively improve fine-tuned performance.

2.5.1 Benefits of Map Augmentation

We assess the performance of models pre-trained with and without scenes generated on the
augmented maps. As map augmentation influences the distribution of map elements more
significantly, map reconstruction is selected as the pre-training task here for evaluation. The
model trained on data with augmented maps significantly outperforms the other, as shown
in Tab. 2.5, underscoring the value of map augmentation in improving prediction models.

2.5.2 Properties of Synthetic Data

Fig. 2.4 illustrates the disparity between the synthetic data and real-world data distributions
concerning velocity and direction. While our synthetic dataset encompasses a broader spec-
trum of velocity than the real-world data, it is important to note the presence of outliers
representing extreme velocity cases within the real-world data. Additionally, the real-world
dataset encompasses a multitude of scenarios with pronounced turning angles, such as U-
turns, which pose challenges in terms of accurate generation within the synthetic dataset.
The discrepancy in data distributions validates that self-supervised pre-training is necessary
to mitigate the impact of distributional shifts.

2.5.3 Information Leak in Self-supervised Pre-training

In our work, we adopt a method similar to MAE [58], where the mask tokens are not passed
to the encoder. While this eliminates the information leak from mask tokens, the encoder
also loses the first point coordinates attached to masked objects. We, therefore, compare
the prediction results both with or without information leak. In both scenarios, we ensure
that the mask tokens pass through an equal number of transformer layers (i.e. one in our
case) to exchange information. As shown in Tab. 2.6, we observe that the configuration
without information leakage significantly outperforms its counterpart, affirming that the
risk of information leakage outweighs the drawback of losing some positional data.
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Table 2.6: Influence of Information Leak.

Pretrain Method MR6(%) minFDE6 minADE6

Baseline 9.73 1.0673 0.8052

No Info Leak Traj PT 9.24 1.0263 0.7384
W/ Info Leak Traj PT 9.45 1.0520 0.7581

No Info Leak Map PT 9.20 1.0343 0.7571
W/ Info Leak Map PT 9.84 1.0735 0.7614

2.6 Conclusion
To expand and diversify the scant motion data for trajectory prediction, we efficiently gener-
ate vehicle trajectory using both the original map and its augmented variant in this chapter.
We evaluate strategies for optimizing data utilization and find out that self-supervised pre-
training is the most effective strategy. With our synthetic data generation and self-supervised
pre-training pipeline, the fine-tuned prediction model outperforms the baseline by a large
margin. Our research offers a comprehensive pipeline for data generation and utilization,
providing a promising direction to alleviate the data scarcity problem in trajectory forecast-
ing.
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Part II

Language Augmentation of Driving Data
for Featuring Interactions
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Chapter 3

WOMD-Reasoning: A Large-Scale
Dataset for Interaction Reasoning in
Driving

In addition to direct data augmentation, maximizing the utility of existing datasets offers
a complementary solution to data scarcity. Conventionally, driving models exhibit a bias
toward proximal interactions, often neglecting long-range dependencies. However, these
distant interactions are critical, as they are frequently governed by explicit traffic rules
and latent human intentions. Excitingly, language models uncover unprecedented abili-
ties in analyzing driving scenarios, owing to their limitless knowledge accumulated from
text-based pre-training. Naturally, they should particularly excel in analyzing rule-based
interactions, such as those triggered by traffic laws, which are well documented in texts.
However, such interaction analysis remains underexplored due to the lack of dedicated lan-
guage datasets that address it. Therefore, we propose Waymo Open Motion Dataset-
Reasoning (WOMD-Reasoning), a comprehensive large-scale Q&As dataset built on
WOMD focusing on describing and reasoning traffic rule-induced interactions in driving sce-
narios. WOMD-Reasoning also presents by far the largest multi-modal Q&A dataset, with
3 million Q&As on real-world driving scenarios, covering a wide range of driving topics from
map descriptions and motion status descriptions to narratives and analyses of agents’ inter-
actions, behaviors, and intentions. To showcase the applications of WOMD-Reasoning, we
design Motion-LLaVA, a motion-language model fine-tuned on WOMD-Reasoning. Quanti-
tative and qualitative evaluations are performed on WOMD-Reasoning dataset as well as the
outputs of Motion-LLaVA, supporting the data quality and wide applications of WOMD-
Reasoning, in interaction predictions, traffic rule compliance plannings, etc.
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Figure 3.1: Examples of traffic rule-induced interactions in WOMD-Reasoning
dataset. (a) captures the traffic rule-induced interaction between the ego agent and agent
#0, attributing it correctly to the stop signs. (b) shows the traffic light-controlled yielding
interaction between the ego agent and agent #1. The front-view visualization is created by
MetaDrive simulator [102]

3.1 Introduction
Language-guided models improve explainability, controllability, and performance of autonomous
driving tasks [177, 12, 20, 45, 124, 199, 99, 2, 132, 108, 30, 122, 207, 54, 35, 57, 187], owing
to their enormous text-based knowledge acquired through the pre-training. To help lan-
guage models elevate abilities on driving-related tasks, various language-based datasets [159,
139, 84, 152, 124, 71, 219, 173, 2, 132, 108, 122] have been proposed to fine-tune these
LLMs. However, due to the complexity and variations in summarizing traffic rule-based
interactions in real driving scenarios, existing datasets often focus on interactions based on
spatial proximity. For example, in BDD-X [84], interactions are often limited to the spatial
blocking, like ‘The car moves back into the left lane because the school bus in front of it is
stopping.’ ; while in another example, DriveLM [159] attributes interaction to ‘keep a safe
distance’ without further detailed explanations. Likewise, most existing works only cover
interactions induced by proximity, as shown in our analysis in Table 3.1. While reasoning
about many non-proximate interactions, like those caused by traffic rules, are vital for the
safety-critical decision-making in autonomous driving systems [188, 212, 214, 37, 144], these
interactions are rarely included in previous datasets, leading to suboptimal performance of
LLMs fine-tuned on these datasets. Additionally, most datasets in driving are not large
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enough to support multi-modal fine-tuning across diverse tasks such as scene description,
prediction, and planning.

For the sake of interaction descriptions and reasoning, this work introduces WOMD-
Reasoning dataset, a large-scale multi-modal dataset centered on language Q&As based on
WOMD [41]. To incorporate interactions induced by traffic rules and human intentions, we
build an automated data curation pipeline by prompting ChatGPT [12, 130] with a set of
well-designed prompts. Together with a rule-based translator to convert initial motion data
into language, we create an automated pipeline to generate the language dataset and achieve
an approximate accuracy rate of 9̃0%. WOMD-Reasoning dataset covers interactions induced
by traffic rules and human intentions with 409k Q&As, like those shown in Figure 3.1. As
indicated in Table 3.1, WOMD-Reasoning contains the highest number of total Q&As and
interaction-specific Q&As, supporting a wide range of applications, including scene descrip-
tion, prediction and planning. Figure 3.2 further demonstrates its uniqueness of interaction
descriptions in WOMD-Reasoning with vocabulary statistics. In addition to comprehensive
and in-depth interactions, WOMD-Reasoning is also the largest language dataset for real-
world driving data, to the best of our knowledge and by its publication. Additionally, to
facilitate multi-modal driving-related tasks like training end-to-end driving models, in addi-
tion to the LiDAR [19] info provided by Waymo, we render both the corresponding bird’s eye
view and front view videos of covered driving scenarios by the MetaDrive simulator [102],
which are attached to the dataset.

To showcase the applications of WOMD-Reasoning, we fine-tune our Motion-LLaVA,
which is built upon LLaVA [113], on WOMD-Reasoning. With careful design and a set of
effective training and inference strategies ablated, Motion-LLaVA achieves high accuracy in
both driving scenario understanding and interaction analysis, which unequivocally advocate
the effectiveness of WOMD-Reasoning in boosting the interaction prediction abilities of
driving language models.

Our contributions can be summarized as follows:

• We propose WOMD-Reasoning, the largest multi-modal dataset with 3 million Q&A
pairs centered on interaction reasoning in driving. It provides extensive insights into
critical but previously overlooked interactions induced by traffic rules and human inten-
tions. Quantitative and qualitative evaluations verify its wide coverage in interaction
descriptions and reasoning, as well as its accuracy.

• Fine-tuned with WOMD-Reasoning, our Motion-LLaVA is capable of providing de-
tailed and insightful interaction predictions on various driving scenarios, supporting
the effectiveness of WOMD-Reasoning. Extensive evaluations with various metrics val-
idate the wide coverage and high quality of the answers of Motion-LLaVA fine-tuned on
WOMD-Reasoning, ranging from driving scenario descriptions to traffic rule-compliant
planning.

• To optimize the performance of Motion-LLaVA, a motion-language model designed for
WOMD-Reasoning with robust capabilities, we benchmark task performance across
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various configurations, including input modalities, reasoning techniques, and network
architectures.

Table 3.1: Comparison between WOMD-Reasoning Dataset and Previous Real-
world Language Datasets for Driving. WOMD-Reasoning covers more comprehensive
kinds of interactions, with a significantly higher size supporting a wide range of applications.

Dataset Data Source
Statistics Interactions Applications

Total
Scenes

Total
Q&As

Interaction
Q&As Distance-induced Traffic

Rule-induced
Human

Intention-induced
Scene

Descriptions
Motion

Prediction
Motion

Planning

nuScenes-QA[139] nuScenes[13] 34k 460k 0 ✗ ✗ ✗ ✓ ✗ ✗

BDD-X[84] BDD[198] 26k 26k 26k ✓ ✗ ✗ ✓ ✗ ✓

DriveLM[159] nuScenes[13] 5k 443k ∼199k ✓ ✗ ✗ ✓ ✓ ✓

Rank2Tell[152] Rank2Tell[152] 116 >116 >116 ✓ ✓ ✓ ✓ ✓ ✓

DRAMA[124] DRAMA[124] 18k 102k <18k ✓ ✓ ✗ ✓ ✗ ✓

NuInstruct[36] nuScenes[13] 850 91k <46k ✓ ✗ ✗ ✓ ✓ ✓

nuCaption[201] nuScenes[13] <1k 420k ∼140k ✓ ✗ ✗ ✓ ✗ ✓

Tod3Cap[77] nuScenes[13] 850 ∼2,300k 0 ✗ ✗ ✗ ✓ ✗ ✗

WOMD-Reasoning WOMD [41] 63k 2,940k 409k ✓ ✓ ✓ ✓ ✓ ✓

3.2 Related Work

3.2.1 Application of Language Modality in Autonomous Driving.

In recent years, language has been widely explored in autonomous driving, as incorporating
language into implicit features could enhance the explainability [202, 145, 169, 18, 125, 211].
For example, Kuo et al. [93] employ language features in the trajectory prediction model,
ensuring both explainability and consistency between language and predictions. Similarly,
Zhong et al. [217] use language input and LLMs to generate conditions in diffusion models,
thereby controlling the generation of driving scenarios. Recently, general driving agents have
been developed [199, 20, 159, 126], aiming to integrate all functions—perception, prediction,
and planning—into a single language agent. However, we observe that their performance
in interaction analysis is not entirely satisfying, especially in non-proximal interactions like
those induced by traffic rules. This shortcoming is largely attributed to the lack of interaction
analysis in language datasets specific to driving scenarios.

3.2.2 Language Datasets in Autonomous Driving.

Language datasets for driving scenarios have recently been developed to support related
LLM-based work. Due to the controllability of simulations, several simulation-based datasets
have been created [20, 159]. However, simulations often fail to capture real-world interac-
tions. To address this, recent studies [84, 152, 124, 186] incorporate human labeling of
real-world driving scenarios to ensure the inclusion of genuine interactions. Nevertheless,
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obtaining high-quality human labels is labor-intensive and costly, limiting the size and cov-
erage of these datasets. Moreover, interactions driven by traffic rules and human intentions
have often been overlooked. To streamline the labeling process, some studies [33, 127, 139,
159] have generated rule-based labels, although these typically cover only basic language
elements like scene descriptions, leaving interaction analysis to human labelers. To mini-
mize human labor, we first employ manual rules and then utilize ChatGPT-4 [130] to build
our dataset automatically. The resulting dataset, WOMD-Reasoning, is rich in interaction
details, particularly those stemming from traffic rules and human intentions. The designed
automated data-curation pipeline enables the dataset to be significantly larger. We also cre-
ate a high-quality human-verified subset. Preliminary human evaluation provides positive
feedback with an approximate accuracy of 90%.

3.2.3 Fine-tuning LLM for Driving Tasks.

Recent years have witnessed a surge of research on leveraging LLMs and vision-language
models (VLMs) for driving applications [156, 20, 76, 200, 159, 158, 125, 172]. However,
handling heterogeneous inputs such as vectorized motion representation remains challenging
due to their domain gaps to most existing VLMs and LLMs. Notable prior work, such
as [125], designed natural language prompt structures to accommodate numerical motion
data, while another approach [20] proposed training LLMs with custom-built motion vector
encoders.

Our Motion-LLaVA approach is designed for benchmarking the performance of WOMD-
Reasoning. Inspired by the design of [20], Motion-LLaVA augmenting existing LLM ar-
chitectures with tailored components. We employ a motion prediction model as a motion
vector encoder, utilizing its prior knowledge to streamline the training pipeline. To en-
hance reasoning accuracy, we adopt a Chain-of-Thought (CoT) [191] approach, allowing the
model to base its reasoning on factual grounding, mitigating potential hallucinations. Based
on WOMD-Reasoning, our Motion-LLaVA demonstrates the practicality of applying VLMs
to real-world vectorized motion data to accurately answer diverse driving-related questions
correctly.

3.3 Method
In this section, we first introduce how to build the WOMD-Reasoning dataset. To verify the
effectiveness of WOMD-Reasoning, we introduce Motion-LLaVA, a multi-modal fine-tuning
approach, to build motion language models upon WOMD-Reasoning. The Motion-LLaVA
method as well as the fine-tuning process are also included here.
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3.3.1 Building WOMD-Reasoning Dataset

Manually constructing autonomous driving datasets with fine-grained natural-language la-
bels regarding the interactions among road participants would involve intense human labor,
which is one of the main reasons why previous datasets have insufficient interaction analysis
and a very limited overall size [153]. To reduce human labor while obtaining reasonably use-
ful data on vehicle interactions, we propose a fully automatic data-curation pipeline to label
the WOMD dataset with language: We first develop a rule-based program to interpret the
motion dataset, which contains trajectories and the HD map, into language; and then build
a set of prompts to utilize the reasoning abilities of ChatGPT-4 [130] to generate interaction
analysis and reasoning, and organize the results into the target Q&A format. Details of each
step are attached in the Appendix A.1. Codes for interpreting the motion dataset as well as
the full prompts for ChatGPT-4 are available in supplemental materials.

Our analysis is performed on Microsoft Azure ChatGPT-4-Turbo API, which costs around
12,750 USD. The details of WOMD-Reasoning will be provided in Sec. 3.4.

3.3.2 Fine-tuning Multi-modal Model on WOMD-Reasoning

To showcase the application of WOMD-Reasoning dataset, we use our Motion-LLaVA ap-
proach to fine-tune upon LLaVA [113]. LLaVA is chosen to accommodate motion data
and text prompts input at the same time, with the vision encoder adapted to a motion
data encoder. Inspired by [158], we utilize encoders from motion prediction models Mul-
tiPath++ [179] for encoding motion data. Ablations in Table A.9 prove the usefulness of
this encoder. Some detailed fine-tuning strategies are in Appendix A.10. Details on how we
process agent IDs in Motion-LLaVA are listed in Appendix A.3. The overall Motion-LLaVA
pipeline is illustrated in Figure 3.4.

During training, we unfreeze all components including the motion vector encoder, and
train on all Q&A pairs in WOMD-Reasoning simultaneously to avoid the potential catas-
trophic forgetting. To prevent Motion-LLaVA from forgetting its inherent LLM’s knowledge,
we mix up a few questions irrelevant to the current driving scenario into the training pro-
cess [208]. During inference, we adopt Chain-of-Thought (CoT) Reasoning strategy [191] to
reduce the hallucination. Specifically, we first prompt Motion-LLaVA to answer the Fac-
tual questions, which include questions in map environment, ego, and other agents’ motion
status. Then, we aggregate these answers and feed them into Motion-LLaVA as the contexts
for answering Reasoning questions in interactions and intentions analysis. Examples of
these contexts can be found in the Appendix A.8. We ablate in Sec. A.10 that such a CoT
strategy can effectively improve the quality of answering reasoning questions.

Specifically, we take LLaVA-v1.5-7b [113] as the pre-trained VLM. Since MultiPath++ [179]
did not release their codes nor checkpoints, we take the implementations by [88]. Our multi-
modal fine-tuning takes 2 GPU days (∼ 1 day on 2xNVIDIA A6000 GPUs) to train 1 epoch
on the entire training set of WOMD-Reasoning. For quantitative evaluations, we randomly
select ∼ 1,000 QA pairs from the validation set of WOMD-Reasoning.
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To benchmark Motion-LLaVA model, we utilize a suite of standard language metrics,
including BLEU-4 [131], METEOR [8], CIDEr [180], SPICE [1], and ROUGE-L [109], along
with GPT Score [140] to assess the quality of the generated content. Details on the prompts
used to calculate the GPT Score can be found in Appendix A.5.

3.4 WOMD-Reasoning Dataset Specifications
In this section, we provide detailed information about WOMD-Reasoning. We first present
the organization and statistics of the dataset, then provide quality analysis based on case
studies and preliminary human evaluations. Finally, we compare our dataset to previous
ones to show the strengths of WOMD-Reasoning in diverse interactions, huge size, and wide
potential applications.

3.4.1 Dataset Statistics

Table 3.2 provides the statistics of Q&As in WOMD-Reasoning dataset, as well as in every
Q&A class. Our Q&As can be classified into two parts: The Factual contents and the
Reasoning contents, where the first part serves as the context for the second part. The
factual contents contain three topics: Map Environment, which includes the existence and
category of intersections, existence and places of stop signs and crosswalks, and count of
lanes, etc. Ego Agent’s Motion Status and Other (Surrounding) Agents’ Motion status,
which describe each involved agent’s speed, acceleration, direction, related traffic light and
sign, and relative position to the intersection center as well as to the ego agent. The factual
descriptions alone are also good for training language scene describers.

Our key part, the Reasoning contents, first comes with Q&As on Interactions, which
includes a summary of interactions between each surrounding agent and the ego agent and
the reasoning behind such interactions. Then by summing up all interaction information,
we offer the Intentions, which give the predicted intention of the ego agent, considering its
responses to all the interactions. The interaction and intention reasoning parts provide an
unprecedented tool for training language-based prediction and planning agents.

As shown in Table 3.1, WOMD-Reasoning contains 346k unique traffic rule-induced
and intention-induced interaction Q&As, as well as 63k comprehensive intention predictions
of the ego agent containing responses to the interactions, which rarely exist in previous
datasets. We will show these features through examples and statistics in the following
section. Furthermore, we also claim that to the best of our knowledge, WOMD-Reasoning
is the largest real world language data set for driving, since our WOMD-Reasoning provides
roughly 3 million Q&A pairs for 63k scenes in WOMD, which are 6 − 113 times greater
than those of other datasets we compare to.

Compared with existing data sets, as shown in Table 3.1, our WOMD-Reasoning is the
largest real-world dataset in terms of total scenes, total Q&As, and the total interactions
included. Also, WOMD-Reasoning supports Q&As in scene descriptions, prediction, and
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Table 3.2: Sizes of WOMD-Reasoning dataset.

Set Map Ego
Agent

Other
Agents Interactions Intentions Total Scenes

Training 188k 268k 1,635k 287k 52k 2,430k 52k
Validation 41k 58k 341k 59k 11k 510k 11k

Total 229k 326k 1,976k 346k 63k 2,940k 63k

Per Scene Ave. 3.58 5.09 30.88 5.41 0.98 45.95 -

Table 3.3: Human Evaluations of WOMD-Reasoning Dataset.

Q&A Class All Interactions Intentions

Accuracy 91.99% 91.03% 87.50%

planning. Together with the simulated video of each covered scenario, it is suitable for
training VLMs to perform nearly all major tasks in autonomous driving. Diving even deeper
into the interaction reasoning in these datasets, we summarize that most interactions covered
in previous datasets are caused by a very near distance. However, as we show in Sec. 3.4.3,
many interactions happen when the two counterparts are initially far away, but they establish
interactions by following the traffic rules or by human intentions. Our WOMD-Reasoning
contains a wealth of this interaction information, as shown in Figure 3.2, the vocabulary
statistics of the interaction and intention part of our dataset.

3.4.2 Interaction Contents

To testify to the quality of WOMD-Reasoning, we show examples from it containing rich
traffic rule-induced and human intention-induced interactions.

WOMD-Reasoning contains traffic rule-induced interaction information. Firstly,
in Figure 3.1 (a), we show a traffic scenario of an intersection controlled by the stop sign. In
this case, the agent #0 is quite far away from the ego agent at the starting (current) moment,
thus their interactions would rarely be considered in previous datasets, as they mainly cover
distance-induced interactions. However, the two agents do have a significant interaction:
Controlled by the stop signs, the agent #0 has to yield to the ego agent, even though the ego
agent is still far from the intersection. This case vividly proves the remarkable importance
of the traffic rule-induced interactions we cover.

Another example is a traffic light-controlled intersection shown in Figure 3.1 (b). Similar
to the previous one, agent #0 is initially not close to the ego agent. However, thanks to our
analysis of traffic rules, our language dataset effectively captures the interaction that the
agent #1 would yield to the ego agent who is turning left and having right-of-way due to
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Figure 3.2: Selected vocabulary statistics in WOMD-Reasoning. We stat vocabu-
laries strongly related to traffic rule-induced and human intention-induced interactions in
WOMD-Reasoning, illustrating that it contains abundant such interaction descriptions and
reasoning.

an arrow green light. This further proves that traffic rules are essential in determining the
interactions.

WOMD-Reasoning contains human intention-induced interaction informa-
tion. Beside traffic rules, our dataset also covers human intention-induced interactions.
We provide an additional example to show this, as well as to demonstrate a whole picture
of each section of the dataset. In Figure 3.3, WOMD-Reasoning provides fruitful informa-
tion on the human intention-induced interaction - overtaking, based on pattern recognition
abilities built in the GPT. We also show 1-2 Q&As for each category of the dataset for
completeness.

3.4.3 Dataset Quality Evaluation by Human

To grab a sense of the accuracy of WOMD-Reasoning, we execute a human evaluation
process. Consent was obtained from all the people interviewed. We ask interviewers to
evaluate whether the correct answer to the question is included in the answer provided in
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Figure 3.3: A demonstration of Q&As in each part of WOMD-Reasoning dataset.
We show Q&As in all categories regarding the scenario while demonstrating language analysis
of overtaking, a human intention-induced interaction in WOMD-Reasoning dataset.

Large Language Model

Motion Data Embeddings
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Projector
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Language Embeddings
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Vectorized Motion Data Questions

Figure 3.4: The Motion-LLaVA pipeline fine-tuning a multi-modal model with
WOMD-Reasoning. Motion data go through pre-trained motion vector encoders from
Multipath++ [179] and a projector layer to serve together with the questions in WOMD-
Reasoning as the inputs. The answers in WOMD-Reasoning serve as the supervision.
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the dataset. We invite 4 people to judge 1,610 Q&As in total. The results are shown in
Table 3.3. We conclude that WOMD-Reasoning achieves a satisfying accuracy, especially
considering it is automatically generated. Further human-based data cleaning is ongoing.

3.4.4 Vision Extension with Simulations

To support applications requiring visual information, we provide an API to extend WOMD-
Reasoning scenario descriptions to the vision domain, compensating for the absence of
raw camera data in the original WOMD dataset. We achieve this by utilizing an open-
source traffic scenario simulation platform, namely ScenarioNet [101], and employing the
MetaDrive [102] simulator to replay WOMD-Reasoning scenarios in both Bird’s Eye View
(BEV) layout and ego-view images through 3D rendering. This approach enables visual
inputs to support the application of WOMD-Reasoning for future research in the vision and
language domain. For video generation, we produce a 90-frame 10 Hz video aligned with
Waymo’s trajectory data, including 10 frames of historical footage and 80 frames of future
trajectory. Users may choose to use the historical portion for prediction tasks.

3.5 Dataset Application and Evaluation with
Motion-LLaVA

To demonstrate a real-world application of WOMD-Reasoning, we design Motion-LLaVA,
a multi-modal model taking motion data as input, and fine-tune it on WOMD-Reasoning.
We show that the model gains significant abilities from WOMD-Reasoning in predicting
interactions, especially those caused by traffic rules, and in planning right-of-way compliant
route for the ego. Furthermore, its abilities extend to answer various questions related
to driving across factual and reasoning categories, which is supported by both qualitative
showcases and quantitative evaluations on language metrics. These highlight the broad
applications of WOMD-Reasoning for the autonomous driving industry.

3.5.1 Interaction Prediction

Since WOMD-Reasoning is proposed to focus on the interaction analysis, one of the key
abilities of Motion-LLaVA fine-tuned on it is to predict interactions, especially the traffic rule-
induced interactions. We present a few interaction prediction examples answered by Motion-
LLaVA in Figure 3.5. These results confirm that by fine-tuning on WOMD-Reasoning,
Motion-LLaVA unleashes the potential of language models for predicting traffic rule-related
interactions in unseen real-world scenarios.
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Figure 3.5: Interaction predictions made by Motion-LLaVA on various WOMD
scenarios.

3.5.2 Traffic Rule Compliant Planning

Based on thorough interaction analysis, traffic rule compliant planning can naturally be
achieved by summarizing interactions, as we do in producing ego agents’ intentions in
WOMD-Reasoning. Motion-LLaVA also perfectly learns this ability. In Figure 3.6, we
demonstrate that Motion-LLaVA fine-tuned on WOMD-Reasoning can offer traffic rule-
compliant future trajectory plans, which clearly extends the applications of WOMD-Reasoning
into planning.

3.5.3 Answering Various Driving-related Questions

We further present a set of Q&A examples answered by Motion-LLaVA covering each cate-
gory of WOMD-Reasoning in one specific driving scenario, shown in Figure 3.7. We observe
that Motion-LLaVA model is capable of providing accurate narratives and analysis on diverse
driving-related contents thanks to the wide coverage of WOMD-Reasoning.

3.5.4 Validation of Motion-LLaVA

To validate the effectiveness of Motion-LLaVA and the fine-tuning process, we present eval-
uation metrics of all generated answers, as well as those in the two categories, i.e. the
Facts which include the road environment and agents’ motion status, and the Reasonings
which cover analysis on interactions and intentions. Benchmark results are shown in Table
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Figure 3.6: Traffic rule-compliant planning made by Motion-LLaVA on various
WOMD scenarios.
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Figure 3.7: An example set of answers to diverse driving-related questions gener-
ated by Motion-LLaVA on a WOMD scenario. We see that Motion-LLaVA is capable
of answering all topics of questions covered by WOMD-Reasoning accurately.
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Table 3.4: Benchmarks of fine-tuned multi-modal models with language metrics.

Questions Model ROUGE (↑) BLEU (↑) METEOR (↑) CIDEr (↑) SPICE (↑) GPT Score (↑)

All Shuffled Ground-truths 0.481 0.311 0.263 1.68 0.375 1.48
Non-Fine-tuned LLaVA [113] 0.512 0.211 0.275 1.36 0.455 2.31

Fine-tuned LLaVA [113] 0.779 0.581 0.439 5.51 0.735 6.88
Motion-LLaVA (Ours) 0.792 0.616 0.449 5.69 0.744 7.02

Facts Shuffled Ground-truths 0.528 0.349 0.273 2.26 0.401 2.06
Only Non-Fine-tuned LLaVA [113] 0.561 0.322 0.326 1.50 0.483 2.46

Fine-tuned LLaVA [113] 0.821 0.702 0.495 6.05 0.783 6.91
Motion-LLaVA (Ours) 0.840 0.736 0.516 6.35 0.794 7.09

Reasonings Shuffled Ground-truths 0.479 0.326 0.281 1.81 0.462 1.87
Only Non-Fine-tuned LLaVA [113] 0.262 0.097 0.201 0.06 0.283 0.91

Fine-tuned LLaVA [113] 0.596 0.452 0.357 2.26 0.557 6.14
Motion-LLaVA (Ours) 0.614 0.474 0.366 2.52 0.571 6.76

3.4. We first verify the effectiveness of these language metrics with shuffled ground-truths,
which attach shuffled true answers to questions randomly. Results confirm that low scores
are granted for this model, indicating that a similar structure with wrong answer content
would not be able to cheat our metrics. Then we benchmark the off-the-shelf LLaVA [113],
where BEV plots are used as the vision input for the driving scenario. This non-fine-tuned
version earns a very low score in all metrics, confirming that LLaVA itself cannot answer
driving-related questions correctly. Then, we perform fine-tuning on WOMD-Reasoning. We
compare two models with different modalities as motion input: LLaVA using the BEV plot
of the driving scene as the vision input [113], and Motion-LLaVA which uses motion data
as input. We observe that both fine-tuned multi-modal models significantly outperform pre-
vious baselines across all metrics and question types, underscoring the value of fine-tuning
on WOMD-Reasoning for addressing driving-related queries. Compared to the fine-tuned
LLaVA, Motion-LLaVA achieves superior performance across all metrics and question types,
highlighting the advantages of utilizing the motion data as input. We hypothesize that this
performance gap is due to the information loss that occurs when converting motion data into
a BEV plot with a scale bar. We also visualize and compare the answers of Motion-LLaVA
and these baselines on the same driving scene in Appendix A.6.

In addition to language metrics, we also provide objective metrics to the answers to
questions regarding Facts. We report the root median squared error (Median Error), and
accuracy within a 1.0-meter tolerance (Acc1.0) in Table 3.5, following similar metrics used
in [76]. Results confirm that Motion-LLaVA is capable of providing numerically accurate
answers to factual questions.

Table 3.5: Accuracy of Motion-LLaVA answers to factual questions.

Model Acc1.0 (↑) Median Error (↓)

Fine-tuned LLaVA [113] 10.9% 5.0
Motion-LLaVA (Ours) 56.2% 1.0
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3.6 Dataset Effectiveness in Vehicle Trajectory
Prediction

In this section, we evaluate the effectiveness of WOMD-Reasoning in a real-world driving task
- vehicle trajectory prediction. Our experiments indicate that with our WOMD-Reasoning
dataset involved, the metrics of vehicle trajectory predictions are significantly improved.

3.6.1 Language-assisted Trajectory Prediction Experiment Setup

We adapt the Multipath++ [179] trajectory prediction model to accommodate the language
input. The adaption mainly contains two steps:

Language Acquisition and Encoding The language we use comes from Motion-
LLaVA’s output. We run Motion-LLaVA on the cases covered by WOMD-Reasoning dataset
in the training and validation set of WOMD. For each scenario included, Motion-LLaVA
would provide a comprehensive set of Q&As, where we pick the interaction Q&As for this
experiment. Each of these Q&As includes the interaction info between a specific agent and
the ego agent. We pick the answer parts of these Q&As to use. These answers are then
fed into a T5 encoder [142] followed by a few MLP layers to be encoded. In the end, for
each scenario included, we have a set of language embeddings, each contains info on the
interaction between the ego agent and one specific agent.

Introducing Languages into Multipath++ Our next step is to introduce these en-
coded languages into each agent’s feature. For Multipath++, we use MPA [88], an open-
source Multipath++ implementation, as our code base. Our language introduction module
is inserted right after their "Other Agents History Encoder", and before their "MCG (multi-
context gating) encoder". Our module is a cross-attention block, which takes each agent’s
history encoding as queries, letting them cross-attend to their corresponding language em-
beddings containing info about the interaction between the ego agent and that specific agent.
In this way, the interaction information in Motion-LLaVA is introduced into the features of
each agent.

3.6.2 Enhancing Trajectory Prediction with Motion-LLaVA
Outputs

As shown in Table 3.6, we observe significant metric improvements with language involved,
which strongly supports WOMD-Reasoning’s ability to help downstream tasks like predic-
tions. It can also help to understand the driving behaviors, and to improve explainability of
vehicle trajectory prediction models.
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Table 3.6: Benefits of Motion-LLaVA Outputs for Prediction Task.

Model minFDE6 MR6

Multipath++ [88] 1.27 12.59
+ Motion-LLaVA Outputs 1.18 11.69

∆ -7.35% -7.10%

3.7 Conclusion
We first build WOMD-Reasoning, a language-centered multi-modal dataset upon WOMD,
focusing on analyzing and reasoning interactions. Specifically, our WOMD-Reasoning em-
phasizes interactions induced by traffic rules and human intentions, such as interactions
governed by traffic lights and signs, and interactions like overtaking and following, which
are both rarely covered in previous datasets. Besides, WOMD-Reasoning provides 3 mil-
lion Q&A pairs, which makes it the largest real-world language dataset in autonomous
driving to the best of our knowledge, covering a range of topics from scene descriptions,
prediction, to planning. To demonstrate the applications of WOMD-Reasoning, we propose
Motion-LLaVA, which fine-tunes a multi-modal model to accurately answer questions cover-
ing both driving scenario descriptions and interaction reasonings. Motion-LLaVA realizes the
function of interaction prediction and traffic rule-compliant planning, taking advantages of
the WOMD-Reasoning and the text-based knowledge intrinsically built in language models.
Motion-LLaVA proves the effectiveness of WOMD-Reasoning in assisting real-world driving
through supporting various language-involved downstream tasks. Our WOMD-Reasoning
and Motion-LLaVA frameworks distill latent semantic information from driving data, par-
ticularly interactions governed by traffic rules or human intentions, into explicit natural
language representations. These linguistic descriptors are subsequently demonstrated to
be effective in enhancing the performance of autonomous driving systems, such as motion
prediction models.



38

Part III

Efficient Training of Vision-based
Driving Data Generation Models
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Chapter 4

Immiscible Diffusion: Accelerating
Diffusion Training with Noise
Assignment

Recent advancements in diffusion-based models [65, 162, 111] have paved the way for the
large-scale generation of vision-based driving data. However, the training of these models
is characterized by exorbitant computational costs and prolonged convergence times, which
significantly impedes their practical scalability for driving data synthesis. In this chapter,
we point out that suboptimal noise-data mapping leads to slow training of diffusion models.
During diffusion training, current methods diffuse each image across the entire noise space,
resulting in a mixture of all images at every point in the noise layer. We emphasize that
this random mixture of noise-data mapping complicates the optimization of the denoising
function in diffusion models. Drawing inspiration from the immiscibility phenomenon in
physics, we propose Immiscible Diffusion, a simple and effective method to improve the
random mixture of noise-data mapping. In physics, miscibility can vary according to various
intermolecular forces. Thus, immiscibility means that the mixing of molecular sources is
distinguishable. Inspired by this concept, we propose an assignment-then-diffusion training
strategy to achieve Immiscible Diffusion. As one example, prior to diffusing the image data
into noise, we assign diffusion target noise for the image data by minimizing the total image-
noise pair distance in a mini-batch. The assignment functions analogously to external forces
to expel the diffuse-able areas of images, thus mitigating the inherent difficulties in diffusion
training. Our approach is remarkably simple, requiring only one line of code to restrict
the diffuse-able area for each image while preserving the Gaussian distribution of noise. In
this way, each image is preferably projected to nearby noise. To address the high complexity
of the assignment algorithm, we employ a quantized assignment strategy, which significantly
reduces the computational overhead to a negligible level (e.g. 22.8ms for a large batch size of
1024 on an A6000). Experiments demonstrate that our method can achieve up to 3× faster
training for unconditional Consistency Models on the CIFAR dataset, as well as for DDIM
and Stable Diffusion on CelebA and ImageNet dataset, and in class-conditional training
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Figure 4.1: Immiscible Diffusion can use a single line of code to efficiently achieve immis-
cibility by re-assigning a batch of noise to images. This process results in only a 2% reduction
in Euclidean distance post-assignment, leading to up to 3× increased training efficiency on
top of the Consistency Model [166] for CIFAR Dataset [89] Additionally, Immiscible Diffu-
sion significantly enhances the image quality of Stable Diffusion [149] for both unconditional
and conditional generation tasks, and for both training from scratch and fine-tuning training
tasks, on ImageNet [31] Dataset within the same number of training steps. FID [63] here
refers to Fréchet Inception Distance.

and fine-tuning. In addition, we conducted a thorough analysis that sheds light on how it
improves diffusion training speed while improving fidelity.

4.1 Introduction
Diffusion models have made impressive progress in image generation by framing the process
as a phase of denoising random Gaussian noise into the final image. Despite the advance-
ments, training a diffusion model is resource intensive. For example, even in the primary im-
age dataset CIFAR-10, the representative few-step diffusion model, Consistency Model [167],
requires training for 10 days on 4 A6000 GPUs to reach a desired FID score of around 10.
Similarly, with fewer model parameters, multiple-step diffusion model DDIM [163] still re-
quires 24 hours on an A5000 GPU on the CIFAR-10 dataset. Although recent remarkable
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achievements in accelerating the inference of diffusion models [87, 121, 167, 115, 118, 119]
have been accomplished, the inefficiency of diffusion training remains a significant bottleneck,
hindering the iterative development of vision generative AI.

Previous methods for improving diffusion training have focused on various strategies, such
as balancing the impact of activation layers and neural weights [79], modifying hyperparam-
eters and design choices [165], and leveraging patchifying strategies [189] etc. Specifically,
Karras et al. [79] modifies the activation magnitude, neural weight standardization, and
group normalization, achieving significant acceleration in diffusion training. Besides, pre-
vious work [165] proposes a customized method for the Consistency Model to improve the
performance and diffusion training. Our method is orthogonal to these previous methods.
We got inspired by the Immiscible Diffusion in physics. As illustrated in Fig. 4.2 (a) left,
miscible particles tightly jumble together after the diffusion process, making it difficult to
separate them individually during the denoising phase. However, when the particles are ren-
dered immiscible, they can still achieve a similar overall distribution while remaining clearly
distinguishable (see Fig. 4.2 (a) right). This insight inspires our strategy for improving the
disentanglement of diffused data.

We draw an analogy from the phenomenon of Immiscible Diffusion and relate the distri-
bution of image data to the behavior of particles discussed above. In traditional diffusion
processes, each image can be diffused to any point in the noise space, and conversely, each
point in the noise space can be denoised to any source image, as illustrated in the left image
of Fig. 4.2 (b). We hypothesize that the jumbled image-noise mapping creates a miscible
diffusion effect and makes the optimization of the diffusion model difficult. Inspired by the
Immiscible Diffusion, we are motivated to make the mixed diffusion phase distinguishable.

We propose one simple Immiscible Diffusion method. Note that we still sample Gaus-
sian noise but perform a batch-wise assignment of noise to each image based on the distance
between them during training. This approach ensures that each image is only diffused
to surrounding areas while maintaining the overall Gaussian distribution of all noises. This
technique was also used in flow matching-based methods [135, 174] for optimizing the image-
noise flow. Nevertheless, we find that the image-noise distance is reduced by only ∼ 2% after
assignment, as provided in Part 4.4.3. This motivates us to ask which factors dominate the
performance improvement? To investigate it, we propose another method that qualifies Im-
miscible Diffusion in Part 4.4.3. Experiments show that the training efficiency improvement
is comparable to the function of flow optimization, demonstrating that immiscibility is the
dominant factor.
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Figure 4.2: Physics illustration of Immiscible Diffusion. (a) depicts the miscible and
Immiscible Diffusion phenomenon in physics, while (b) demonstrates the image-noise pair
relation in vanilla (miscible) and Immiscible Diffusion method.

However, technically, to achieve immiscibility with the image data-noise assignment has
an O(N2logN)-O(N3) complexity. This introduces significant overhead during training, es-
pecially for large-scale training with huge batch sizes and high-resolution images. To address
this, we employ a novel quantization method during assignment. We quantize the noise and
image data into low-precision formats (e.g., 16-bit) during conducting the assignment algo-
rithm. We highlight that this assignment operation only involves one line of code, and
is performed only during the training phase without modifying the model architecture, the
noise scheduler, the sampler, or the method of inference.

We conduct extensive experiments on three common modes: unconditional, conditional,
and fine-tuning on three diffusion baselines: Consistency Models, DDIM and Stable Diffusion
and three datasets: CIFAR-10, CelebA and ImageNet datasets. Results show that our pro-
posed method significantly improves the training efficiency in all experiments. Specifically,
we achieve 3× training efficiency for the CIFAR-10 dataset with immiscible unconditional
Consistency Model compared to the original Consistency Model. Furthermore, we show that
the FID is even lower with our method used, confirming the fidelity of our generated images.
We also provide images generated from models trained with vanilla and immiscible models
experiencing the same training steps, where we see that those from immiscible models are
much more complete and clearer, further proving the training efficiency enhancement re-
sulted from the Immiscible Diffusion. Examples are shown on the right of Fig. 4.1. Deeper
analysis shows that our method, although with only one line of code and involving ∼ 2%
image-noise datapoint distance changes, achieves all the benefits above in negligible running
time.

To sum up, our contributions are as follows:

• We clearly and specifically identify the miscibility issue in noisy diffusion steps, which
leads to slow convergence of diffusion training.
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• To tackle the miscibility issue, we propose a simple and effective method, Immisci-
ble Diffusion, a strategy that can only requires one-line of code, to improve training
efficiency for diffusion training.

• Experiments demonstrate the effectiveness of our proposed method on several popular
diffusion models across multiple datasets, and across unconditional, conditional, and
fine-tuning tasks. In addition, we conducted thorough analyses and ablation studies
to elucidate how our method works and dominates the effectiveness.

4.2 Related Work

4.2.1 Diffusion Model with Efficient Inference

Diffusion models [168, 66, 150, 133] have been attracting huge attentions because of their
high-fidelity image and video generation [68, 67, 129], data-efficient perception [171, 120,
197], and even representation abilities for robotics [25, 137, 10]. However, slow inference is
one of the key bottlenecks for diffusion models. To address this issue, various approaches
have been proposed. For instance, techniques such as DDIM [163] have reduced the number
of denoising steps from 1000 to 10, significantly speeding up the process. Furthermore, the
introduction of Consistency Models [167] and LCM [121], which utilize the properties of
self-consistency, enables denoising in as few as 1-4 steps, further enhancing the generation
speed of diffusion models. Subsequently, the development of SD-turbo [154], which lever-
ages GAN [53] loss for high-definition image generation in a single step, has occurred. The
Consistency Trajectory Models [83, 143] improve the generation quality of Consistency Mod-
els and accelerate research on efficient inference for diffusion models. Additionally, beyond
reducing denoising steps, efforts to improve the inference efficiency of single function evalua-
tion are being explored in various ways, including model quantization [103] and partitioning
the generative components [100]. Moreover, StreamDiffusion [87] streamlines denoising steps
to achieve real-time inference at the pipeline level optimization. The improvement of the
inference efficiency significantly pushes forward real applications based on diffusion models.
Yet accelerating diffusion training is still under-explored.

4.2.2 Diffusion Model with Efficient Training

Improving the training efficiency of diffusion models is crucial. Various strategies have been
proposed, including architectural modifications [79], approximating the diffusion phase with
flow [115], and designing parameter choices [165] etc. Specifically, in [79], the authors dis-
cover that the magnitude of activation and the magnitude of neural weights significantly
impact the training dynamics of diffusion models. They propose adjusting the activation
magnitude and standardizing neural weights, as well as modifying the normalization lay-
ers to make diffusion training in a more smooth dynamic. Besides, Song et al. [165] aims
to enhance the training efficiency of Consistency Models through customized design choices,
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significantly improving both training speed and fidelity. Furthermore, leveraging approxima-
tion strategies based on Ordinary Differential Equation (ODE) assumptions [115] improves
not only inference efficiency but also training efficiency since diffusion trajectories are prone
to deterministic. Beyond improving diffusion training with either architecture adjustment or
selection parameters, Wang et al. [189] introduce a novel patch strategy to control the ease
of diffusion training, achieving both training and data efficiency. Simultaneously, Wang et
al. [185] notices that the denoising of some noisy diffusion steps contains little information
and is too easy to learn, so focusing more on other steps would significantly improve training
efficiency. Our method differs from previous works by clearly highlighting an under-explored
problem: the miscibility problem of image data in the noise space, which plays a crucial
role in training diffusion models. Our proposed Immiscible Diffusion is extremely simple yet
significantly improves training efficiency.

4.2.3 Image-noise Optimal Transport in Generative Models

In ODE-based methods such as flow matching [112], straightening the flow with optimal
transport (OT) has been used as a tool to improve the generation performance. Specifically,
optimizing image-noise transport in a batch [135, 174] has been found to be an effective
way to improve performance. Training efficiency improvement was also observed [135, 174],
and explained or posited with reduction of the variance of the training goal. However, the
standard deviation reduction is only ∼ 4% in [135]. Moving forward, [97] pointed out the
curvature problem in the ODE paths caused by the collapse of the reverse trajectories in
the average direction. However, they replaced Gaussian noise sampling with a Variational
Autoencoder (VAE) encoder-style structure to eliminate such curvatures, which destroys
the strict Gaussian distribution in the noise space. Concurrent to our work, [82] applies
batch-wise OT to diffusion models to achieve better FIDs, making posits in curvature re-
duction for the enhancement. Several methods were proposed to improve the speeds and
effectiveness of OT, such as pre-training with PF-ODE [195], using Schrodinger bridging [32],
utilizing conditional Wasserstein distance [16] and generator-induced coupling in Consistency
Models [73]. However, we are the first to emphasize that the dominant reason for training ef-
ficiency enhancement is the miscibility problem in noisy layers, which we prove in Part 4.4.3.
Furthermore, most of previous methods are for unconditional flow matching methods only.
Our work demonstrates the effectiveness in multiple diffusion models, datasets, conditional
generation, and fine-tuning experiments.

4.3 Method

4.3.1 Physics Intuition

Diffusion models mimic the reverse thermodynamic diffusion phenomenon [160] to ease the
denoising process. However, when the sources are miscible, as shown in the left of Fig. 4.2
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(a), they end up messily mixed. Predicting the reversal process from such a random mixture
encounters significant difficulties, and unfortunately, this is a problem diffusion model always
facing during denoising.

However, we notice that mixing can also be organized when sources are immiscible.
Under that circumstance, the sources would take different continuous areas after diffusion,
while the whole diffused area remains the same, as shown in the right image of Fig. 4.2 (a).
Thereafter, the reversal process becomes smooth. Inspired by Immiscible Diffusion, we then
introduce it to the diffusion models, with the aim of making the optimization easier and to
achieve a higher training efficiency.

4.3.2 Immiscible Diffusion Model

Similar to the physics phenomenon, we find that for diffusion models, any images are diffused
to every corner of the noise space, which also means that each noise point can go back to
any image. This would cause the denoising model to be confused on which image to go to,
as shown in the left of Fig. 4.2 (b).

Mimicking the immiscible phenomenon in physics, we hope to design similar processes
where each noise point is only matched to limited images, so as to avoid the confusion for
the denoising model. However, the noise space must remain Gaussian to help the sampling
process. Therefore, we propose our first implementation way of Immiscible Diffusion,
which assigns the batch of noises to the batch of images during training according to the
image-noise distance in their shared space. We minimize the total distance of the image-
noise pairs in a batch during assignment. Here we use the L2 distance for assignment, which
is ablated in Part B.1.3 in the Supplemental Materials. After assignment, the noise is still
Gaussian, while each noise is assigned to nearer images like what happens in the immiscibility
phenomenon, which significantly eases the difficulties for the denoising. Fig. 4.2 (b) right
illustrates an extreme example of the Immiscible Diffusion, where the noise corresponding
to each image is relatively separated.

For implementation, all we need to do is to perform a linear assignment [91] between the
batch of images and noises according to their distances. This can be achieved in only one
line of code using Scipy [182]. The algorithm is shown below:

Algorithm 1 Batch-wise Image-Noise Assignment
1: Input: Image batch xb, random noise batch nrand,b, sampled diffusion steps tb and

diffusion schedule α
2: assign_mat ← scipy.optimize.linear_sum_assignment(dist(xb, nrand,b))
3: xt,b ←

√
αtbxb +

√
1− αtb · nrand,b[assign_mat]

4: Output: Diffused image batch xt,b

While linear assignment qualifies Immiscible Diffusion, Immiscible Diffusion can be achieved
with multiple paths. In part 4.4.3, we ablate the linear assignment by letting it remain im-



CHAPTER 4. IMMISCIBLE DIFFUSION: ACCELERATING DIFFUSION TRAINING
WITH NOISE ASSIGNMENT 46

miscible while disqualifying optimal transport, proving that immiscibility plays the dominant
role in performance improvement.

4.3.3 Mathematical Illustration

In this section, we mathematically elucidate the denoising difficulty for traditional diffusion
models based on DDIM [163, 66] and how our proposed Immiscible Diffusion reduces such
difficulties.

In DDIM, we know for any image data-point x0, when it is diffused to the last diffusion
step T, i.e. t = T , the image is sufficiently wiped out and nearly only gaussian noise is
remaining, therefore,

q(xT | x0) ≈ N (xT ; 0, I) ≈ p(xT ), where xT (x0, ϵ) =
√
αtx0 +

√
1− αtϵ, ϵ ∼ N (0, 1),

(4.1)
where q(xT | x0) refers to the the forward diffusion process [65] (or inference distribu-
tion [162]). Utilizing Bayes’ Rule and Equation 4.1, we can find that for a specific xT :

p(x0 | xT ) =
q(xT | x0) · p(x0)

p(xT )
≈ p(x0) , (4.2)

which indicates that the distributions of the corresponding images for any noise data-point
are the same as the distribution of all images.
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Figure 4.3: Feature analysis of vanilla (miscible) and immiscible DDIM. Referring
to [161], τ = S represents the layer denoising from the pure noise. We show that while
the two sampled noises are similar, the denoised image of immiscible DDIM significantly
outperforms that of the traditional one, generating an overall reasonable image. The reason
behind this is traditional methods cannot successfully predict noises at noisy layers.

The simplified training objective in DDIM [163, 66] is the added noise ϵ(xt, t) at each
diffusion step t and at the point xt. However, we find that for a specific point xT in the noise
space at diffusion step T ,

ϵ(xT , T ) = ax0 + bxT =
∑
x0

(ax0 + bxT )p(x0 | xT ) = a
∑
x0

x0p(x0 | xT ) + bxT

∑
x0

p(x0 | xT )

= a
∑
x0

x0p(x0) + bxT = ax̄0 + bxt

(4.3)
where a = −

√
αt√

1−αt
and b = 1√

1−αt
are constants, and x̄0is an average of images in the dataset.

When the number of images is large enough, x̄0 contains little meaningful information.
As shown in Fig. 4.3 (a), we study the predicted noises of different denoising layers in

a DDIM model with total inference steps of 20, to illustrate our discovery. Here we refer
to [161], specifying the sampling step τ = S as the layer that denoises the pure noise, which
is equal to the diffusing step t = T . We can see that the predicted noise for DDIM at τ = S
(equal to t = T in diffusing) does not provide much useful information, while denoising with



CHAPTER 4. IMMISCIBLE DIFFUSION: ACCELERATING DIFFUSION TRAINING
WITH NOISE ASSIGNMENT 48

this "noise" does not provide any distinguishable image, which all support our hypothesis for
the difficulty in denoising when τ in sampling (or t in diffusing) is large. Similar observations
are also shown in the concurrent work [185]. However, in our Immiscible Diffusion, while for
each batch, we still have

p(xT ) = N (xT ; 0, I), (4.4)

for each specific data point xT or x0, the conditional noise distribution does not follow
the Gaussian distribution because of the batch-wise noise assignment

p(xT | x0) ̸= N (xT ; 0, I). (4.5)

Instead of the Gaussian distribution, we assume that the predicted noise with noise assign-
ment has a distribution described as follows

p(xT | x0) = f(xT − x0, bs, . . . )N (xT ; 0, I), (4.6)

where f is a function denoting the influence of assignment on the conditional distribution
of xT , and bs is the training batch size. Apparently, according to the definition of linear
assignment problem [91], f decreases when xT − x0 increases its norm, specifically the L2
norm as in our default setting.

Therefore, from Equation 4.2 and 4.6, we have

p(x0 | xT ) = f(xT − x0, ...)p(x0), (4.7)

which means that for a specific noise data-point, the possibility of denoising it to the nearby
image data-point would be higher than to a far-away image.

For the noise prediction task, we see that

ϵ(xT , T ) =
∑
x0

(ax0 + bxT )p(x0 | xT )

= a
∑
x0

f(xT − x0, . . . )x0p(x0) + bxT

= ax0f(xT − x0, . . . ) + bxT

(4.8)

where x0f(xT − x0, ...) is the weighted average of x0 with more weights on image data-
points closer to the noisy data-point xT itself. Therefore, the noise predicted would lead
to the average of nearby image data-points, which makes more sense than pointing to a
constant. Indeed, in Fig. 4.3, we see that even for the pure noise layer, immiscible DDIM
can predict the noise effectively pointing to the shape of the horse image, and the prediction
in one step by subtracting the predicted noise shows the outline of the horse correctly.
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4.3.4 Accelerating Assignment in Immiscible Diffusion

The assignment problem has been studied extensively for decades [38, 92, 52]. In this
chapter, we use the Hungarian algorithm [92] as our main assignment method. However,
Hungarian matching has high complexity with O(N3), which drastically slows down the
training especially when we have high-dimensional image data (e.g., even using the mini
image data 32× 32× 3 = 3072). To mitigate this issue, we make a novel use of quantization
for image data and noise, that is, we quantize the fp32 image and noise data to fp16 to
carry out the assignment, while maintaining the same precision input to diffusion models.
This trick significantly reduces the overhead to a negligible level.

To efficiently perform Immiscible Diffusion when running on multiple GPUs, we assign the
image-noise distance matrix computation to each process, and then gather them to execute
the assignment. This is particularly important as high resolutions and large batch sizes are
frequently required in applications.

4.4 Experiments

4.4.1 Experiment Settings

To elaborate the performance of Immiscible Diffusion, we utilize the proposed method on
Consistency Models [167], DDIM [161] and Stable Diffusion [148], and using CIFAR-10 [90],
CelebA [117], tiny, randomly picked 10% and the full ImageNet [31] datasets due to the
limitation of computation resource. The training hyperparameters are shown in Tab. 4.1.
Unspecified hyperparameters are taken the same as those in their baseline methods’ origi-
nal papers. For evaluations, we compare the results generated by our Immiscible Diffusion
method and the baseline using both the quantitative evaluation metric FID [64] and quali-
tative assessments.

Note that for Consistency Models, we use the single-step generation consistency train-
ing. For DDIM, we add no noise during the sampling and use linear scheduling for picking
sampling steps. For Stable Diffusion, we directly use the implementation from Diffusers of
Huggingface team [146]. For fine-tuning, we use Stable Diffusion v1.4 [146] as the pre-trained
model.

Table 4.1: Experiment setting.

Model Consistency Model Consistency Model Consistency Model DDIM Stable Diffusion
Unconditional

Stable Diffusion
Class-conditional

Stable Diffusion
Fine-tuning

Dataset CIFAR-10 CelebA Tiny ImageNet CIFAR-10 10% ImageNet Full ImageNet Full ImageNet
Batch Size 512 1024 2048 256 512 2048 512
Resolution 32× 32 64× 64 64× 64 32× 32 256× 256 256× 256 256× 256

Devices 4× A6000 8× A800 16× A800 1× A5000 4× A6000 8× A800 4× A6000
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Figure 4.4: Evaluation of baseline and immiscible Consistency Models on (a)
CIFAR-10, (b) CelebA, and (c) tiny-ImageNet dataset. We illustrate the FID of
two models with different training steps. Clearly, immiscible Consistency Models have much
higher efficiency than the vanilla ones.

4.4.2 Training Efficiency Improvement with Linear Assignment

Unconditional generation with Consistency Models: In Fig. 4.4, we show the FIDs
of images generated with baseline and immiscible Consistency Models trained with different
training steps on the CIFAR-10 dataset, the CelebA dataset and the tiny ImageNet dataset,
respectively. We observe that the immiscible Consistency Model trains much faster than the
baseline Consistency Model, and converges to a significantly lower FID on all these datasets.
We also show the images generated by immiscible and baseline Consistency Models trained
for 100k steps in Fig. B.2 in the Supplemental Materials, where we find that the images
generated by the Immiscible Consistency Model are much more complete and realistic. Tab.
B.1 in the Supplemental Materials further presents the training steps necessary to achieve
specific reasonable FID thresholds. We find that the immiscible Consistency Model signifi-
cantly improves the training efficiency by around 3×, proving the effectiveness of Immiscible
Diffusion in training accelerations.

In the main experiment, we observe that our method on top of the Consistency Model
is effective across the datasets varying from different data sizes and resolutions. Indeed,
the Consistency Model is a few-step diffusion model, and our proposed Immiscible Diffusion
especially works on improving the denoising effect when the noise level is high, as shown
in Fig. 4.3. The improvement of the training efficiency on such a few-step diffusion model
further validates our findings.

One characteristic of the Consistency Model is that it approximates the Stochastic Dif-
ferential Equation (SDE) diffusion model with the ODE approximation. Thus, the original
image-noise mapping is highly jumbled together since it is highly possible that closed image
data points are diffused to distant noise points. Our Immiscible Diffusion improves this issue
by adjusting the trajectories of image-noise mapping and making them more distinguishable.

More baselines: To show the generalization of Immiscible Diffusion for more baselines,
we further conduct experiments on two baselines: DDIM [161] and Stable Diffusion [150] on
the CIFAR-10 and the randomly picked 10% ImageNet dataset, respectively. As shown in
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Figure 4.5: Evaluation of baseline and Immiscible DDIM on CIFAR-10 dataset
with different inference steps S. We find that Immiscible DDIM outperform the baseline
more significantly when the number of inference steps S is smaller.

Fig. 4.5, and detailed in Tab. B.2 in Supplemental Materials, we find that our immiscible
DDIM significantly improves the training speed and the FID compared to those of the
baseline DDIM on the CIFAR-10 dataset, and the improvement is more significant when the
sampling step is lower. This demonstrates the effectiveness of our proposed method works
beyond the Consistency Model and can be generalized to more few-step denoising models. We
also provide a discussion in Part B.1.4, showing that the effectiveness of Immiscible Diffusion
can persist in a wide range of batch sizes. To further evaluate generalizability on the popular
baseline, Stable Diffusion [150], we also conduct unconditional generation experiments on the
ImageNet dataset. We observe that immiscible Stable Diffusion and baseline Stable Diffusion
achieve similar FID without significant gap, yet our immiscible Stable Diffusion is able to
generate much higher quality images from a subjective human judgement. For example, Fig.
B.7 in the Supplemental Materials shows that our proposed method generates significantly
clearer images compared to the baseline. More visualization without any cherry-picking can
be seen in Fig. B.8 in the supplementary materials. We indicate that even though FID is
the primary metric and is remarkably successful, the metric is known to sometimes disagree
with human judgement [96].

Class-conditional Generation: We extend Immiscible Diffusion to class-conditional
generations on ImageNet dataset with Stable Diffusion [148], to explore the performance of
Immiscible Diffusion in conditional generations. Results are shown in Fig. 4.6 (a), where we
observe that in 20k training steps, the FID for immiscible class-conditional Stable Diffusion
is 16.43, which is 1.49 lower than our Stable Diffusion baseline. We further confirm such
improvements on CMMD [74], where the immiscible and vanilla models get 1.385 and 1.436
respectively. Additional evaluation on CLIPScore [61] shows that both the immiscible and
the baseline models generate images with CLIPScores of 28.55, with a standard deviation
of 0.01 and 0.02 respectively, indicating that Immiscible Diffusion does not hurt the image-
prompt correspondence in complicated ImageNet dataset. Qualitative comparisons in Fig.
B.9 in Supplemental Materials further prove such performance enhancements, which augment
the effectiveness of Immiscible Diffusions into more commonly-used conditional generations.
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Fine-tuning: Our Immiscible Diffusion can also be applied to enhance the fine-tuning
process where numerous applications fall in. We fine-tune the stable diffusion v1.4 model [148]
on ImageNet dataset, finding that immiscible fine-tuning achieves an FID of 10.28 compared
to 11.45 for vanilla fine-tuning with 5k training steps. Detailed results are shown in Fig. 4.6.
This further broadens the application of Immiscible Diffusion.

(a) (b)

Figure 4.6: Evaluation of baseline and immiscible class-conditional Stable Diffu-
sion on ImageNet dataset, using 20 inference steps. (a) FID of two models trained
from scratch (b) FID of two models fine-tuned on Stable Diffusion v1.4.

4.4.3 Discussion

To further understand the proposed Immiscible Diffusion method, we delve into several key
questions to ablate our approach:

How much does image-noise distance reduce in the assignment? Tab. 4.2 shows
the reduction in distance after the image-noise assignment. We find that the L2 distance
only reduces by about 2%, with a slight increase observed at higher batch sizes. However,
as shown in Fig. 4.3, the assignment is sufficient to effectively activate denoising at high
noise levels, significantly boosting training efficiency, even though the distance change is
low. We attribute the low distance reduction rate after the assignment to the extremely
high dimensionality (3072 for each image of the CIFAR-10 dataset) of the image and noise
space.

How much time does image-noise assignment cost? In Tab. 4.2, we indicate that
our assignment method does not introduce significant extra overhead due to our utilization of
quantized assignment in our practical implementation. Even for a large batch size per GPU
of 1024, our algorithm only brings in an additional 22.8 ms, demonstrating the potential of
utilization for future applications.

Immiscible and OT: who dominates the training efficiency enhancement? Our
Immiscible Diffusion claims to enhance training efficiency by improving miscibility in noisy
diffusion steps. However, the method we take towards Immiscible Diffusion, i.e. linear
assignment between image and noise, also serve as a roughly approximate OT between image
and noise, which might intuitively benefit the diffusion through straightening the diffusion
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paths [135, 174]. However, the previous section shows that the image-noise distance is only
reduced by ∼ 2%, motivating us to ask if OT is really the dominant factor?

To answer this question, we ablate these two factors: OT and immiscibility. We design
a non-OT Immiscible Diffusion experiment which keeps the immiscible property while not
involving the OT. This is achieved by assigning images to the flipped noise whose all di-
mensions are reversed, while using the original noise during diffusion. In such a way, the
image-noise pair no longer follows OT, but still qualifies the Immiscible Diffusion - i.e. images
are still assigned to a limited area. Interestingly, we observe that the non-OT Immiscible
Diffusion can still accelerate and enhance the diffusion training, which is nearly comparable
to the OT Immiscible Diffusion in final stages, as shown in in Fig. 4.7. Considering that
the non-OT version introduce miscibility in middle diffusion layers, which we posit for its
difference to OT version, we conclude that Immiscible Diffusion is dominant in enhancing
the diffusion model’s performance, compared to the benefits from OT.

Table 4.2: Image-noise data-point L2 distance
reduction after the assignment for minimizing

it and the time cost for the assignment.

Batch Size 128 256 512 1024
∆Dist. -1.93% -2.16% -2.32% -2.44%

Assignment
Time (ms) 5.4 6.7 8.8 22.8 Figure 4.7: Ablation of OT in Immiscible

Diffusion. FIDs of OT and non-OT
Immiscible Diffusion indicates that it is the
Immiscible Diffusion rather than OT that
dominate the performance enhancement.

4.5 Conclusion
Inspired by the immiscibility phenomenon in physics, we introduce Immiscible Diffusion,
a method to improve image-noise mapping to accelerate diffusion training. Specifically,
Immiscible Diffusion is an assignment-then-diffusion strategy. One way of it is to minimize
the image-noise pair distance within a mini-batch so that each image is diffused to nearby
noise areas. This simple approach requires only one line of code and includes a quantized-
assignment strategy to reduce computational overhead.

Experiments show our Immiscible Diffusion approach speeds up Consistency Model’s
training by approximately 3× on the CIFAR-10 dataset, 1.3× on the CelebA dataset, and
1.2× on the tiny-ImageNet dataset, as well as in conditional generation and fine-tuning on
Stable Diffusion. Thus, we show that Immiscible Diffusion can generalize to across datasets,
baselines and tasks. Further analysis is provided to explain how this works.
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Limitation. The assignment strategy is one straightforward way for Immiscible Diffu-
sion, but not necessarily optimal. Due to the limited computational resources, our experi-
ments are mainly conducted on small-scale datasets, so we lack the validation on larger-scale
datasets such as LAION [155]. In future work, we will improve the assignment strategy
to cater to practical utilization of conditional generation such as accelerating the general
text-to-image or text-to-video diffusion training.
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Chapter 5

Improved Immiscible Diffusion:
Accelerate Diffusion Training by
Reducing Its Miscibility

The substantial training cost of diffusion models hinders their deployment, like in driving
data synthesis. Immiscible Diffusion [104] recently showed that reducing diffusion trajectory
mixing in the noise space via linear assignment accelerates training by simplifying denoising.
To extend Immiscible Diffusion beyond the inefficient linear assignment under high batch
sizes and high dimensions, we refine this concept to a broader miscibility reduction at any
layer and by any implementation. Specifically, we empirically demonstrate the bijective na-
ture of the denoising process with respect to Immiscible Diffusion, ensuring its preservation
of generative diversity. Moreover, we provide thorough analysis and show step-by-step how
immiscibility eases denoising and improves efficiency. Extending beyond linear assignment,
we propose a family of implementations including K-nearest neighbor (KNN) noise selec-
tion and image scaling to reduce miscibility, achieving up to > 4× faster training across
diverse models and tasks including unconditional/conditional generation, image editing, and
robotics planning. Furthermore, our analysis of immiscibility offers a novel perspective on
how optimal transport (OT) enhances diffusion training. By identifying trajectory miscibil-
ity as a fundamental bottleneck, we believe this work establishes a potentially new direction
for future research into high-efficiency diffusion training.

5.1 Introduction
Training diffusion-based models is costly and time-consuming, and such training costs are
continuously growing. For example, Stable Diffusion V1.1 [147] was trained for more than
24 days on 256 GPUs, while its V2’s training time grew to 32 days with the same GPUs.
Consequently, the training efficiency problem attracts intensive explorations from diverse
aspects [149, 111, 136, 175].
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Figure 5.1: Improved Immiscible Diffusion Theory. (a) While vanilla diffusion trajec-
tories (flows) are mixed (miscible), each noise point is stably correlated to a specific generated
image, making many diffusion trajectories irreversible. (b) Those irreversible trajectories
would confuse the denoising process. (c) We introduce Immiscible Diffusion to cut mixed
(miscible) diffusion trajectories during training for accelerating diffusion training.

Recent works [136, 175] found that applying batch-wise optimal transport (OT) to pair
the images and the noises can boost the training efficiency of flow matching [111] by short-
ening flow trajectories and lowering variance in denoising. However, [104] shows that such
approximate OT reduces the image-noise distance by only ∼ 2%, and [136] shows that
the standard deviation (std) of the denoising function reduces only ∼ 4%. On the other
hand, Immiscible Diffusion [104] assigns each image to a relatively separated noise area to
boost the training efficiency, attributing such performance improvements to better denoising
performances in noisy layers. However, its implementation is limited to image-noise linear
assignment, which not only reduces image-noise distance for just ∼ 2% as well, but also has
a time complexity of O(n3), questioning its efficiency optimality. Additionally, the concept
of Immiscible Diffusion itself raises questions on the diversity of its generated images, as it
stops images from being diffused to some far-away noise areas.

In this chapter, we first refine Immiscible Diffusion to a broader concept: a diffusion
process with reduced mixtures of diffusion trajectories (flows) from different images. We
find that generated images are stably correlated to their noise origins, which makes the mix-
ing of diffusion trajectories unnecessary. This resolves the diversity concerns of Immiscible
Diffusion. We then explore Immiscible Diffusion’s benefits step-by-step, demonstrating how
the miscibility reduction eventually leads to boosts on diffusion models. With the refined
definition, we accordingly offer a few new Immiscible Diffusion implementations including
KNN and image scaling, which satisfy the improved concept but either do not qualify for an
assignment or even involve no image-noise pairings. Extensive experiments are performed
to examine the performance of the Immiscible Diffusion family, where we observe consis-
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tent training efficiency boosts on various baseline models including consistency models [166],
flow matching [111] and DDIM [162]. Further experiments see similar boosts across diverse
image generation tasks including unconditional and conditional ones, different stages (train-
ing and fine-tuning), and various image datasets such as CIFAR-10 [89], ImageNet [31] and
MSCOCO [110]. The Immiscible Diffusion family is subsequently extended to tasks outside
image generation such as image in-painting and out-painting and robotics planning [24],
where the coherent performance enhancements support its robustness. Thorough discussion
is provided to distinct Immiscible Diffusion to other training efficiency improvement meth-
ods, and to compare between the implementations. Our contributions are summarized as
follows,

• We extend Immiscible Diffusion to an implementation-agnostic concept, characterized
by reduced mixture (miscibility) of diffusion trajectories from different images. Our
experiments show that generated images are stably correlated with their noise origins,
relieving concerns on Immiscible Diffusion’s generation diversity. Systematic feature
analysis clarifies how Immiscible Diffusion enhances diffusion training.

• Based on improved Immiscible Diffusion, we design a family of implementations, in-
cluding the KNN, image scaling. These methods are more efficient to linear assignment,
and feature analysis shows that they both effectively reduce the miscibility of diffusion
trajectories.

• The Immiscible Diffusion family is applied to various image generation tasks, including
unconditional and conditional image generation training and fine-tuning, and across
diverse datasets and baseline methods. Unanimous effectiveness of Immiscible Diffusion
is observed, and additional experiments extend its benefits to applications such as
image editing and robotics planning. The miscibility problem we established points
out a potential direction for future research in efficient diffusion training.

5.2 Related Works

5.2.1 Training Efficiency of Diffusion-based Models

As training efficiency limits the large-scale deployment of diffusion-based models, actions
are taken to trigger diverse abundant parts inside them. For the feature dimensions, Sta-
ble Diffusion [149] shrinks image sizes with VAE [86], downsizing the image dimension by
16-64 times. [190] introduces a novel patch strategy to control the ease of diffusion train-
ing, achieving both training and data efficiency. For the noise space, [70] modifies the noise
used in diffusion models to boost the performance. For training dynamics, [80] discovers
that the magnitude of activation and the magnitude of neural weights can impact the dif-
fusion’s training speed. [164] demonstrates the importance of training dynamics on training
efficiency, including the usage of exponential moving average (EMA), training loss and the
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noise schedule. [215, 184] notices that denoising some noisy steps helps little, so focusing
more on other steps can improve training efficiency. However, these works hardly alter the
diffusion trajectory, therefore cannot solve the miscibility problem Immiscible Diffusion aims
to tackle.

5.2.2 Diffusion Paths and Training Efficiency

Recent works redesign diffusion trajectories for faster training. Notably, based on the rectified
flow [114], [116] improves training efficiency by making diffusion trajectories deterministic
and straight. [111] further straightens the diffusion trajectory by making the image-noise
mixture linear. Probing more deeply, several studies began exploring alternatives to mapping
each image to the full noise space. [98] pointed out the curvature problem in the ODE
paths caused by the collapse of the denoising trajectories pointing to the average direction.
However, they replace the noise sampling with a VAE encoder-style structure to eliminate
such curvatures, which destroys the strict Gaussian of the noise. In order to make diffusion
trajectory paths even straighter and shorter, [136, 175] applies batch-wise OT to assign noise
to closer images before performing flow matching, followed up by a few further improvements
on them [195, 32, 16, 73]. However, [104] shows that the OT only reduces average image-
noise distance by ∼ 2%, and [136] claims that the standard deviation of denoising reduces
only ∼ 4% after applying OT, which doubts the contributions of OT in the training efficiency
boosts. More recently, Immiscible Diffusion [104] assigns noise to some preferred noise areas,
aiming to avoid the difficulty of denoising in noisy layers. However, its implementation of
batch-wise linear assignment is still similar to OT, so its theory needs to be further justified
versus OT.

5.2.3 Image-Noise Correlation in Diffusion-based Models

While most diffusion-based models diffuse each image to the whole noise space, some diffusion
inversion works indicate that learned diffusion model’s inversion does not follow this. [170]
indicates that the diffusion and denoising is not symmetric, and [209] demonstrates that
nearly the same image would be generated with the same noise but diverse diffusion models.
These imply that generated images and their noise origins are somehow correlated. [3] further
illustrates some similarity between the generated images and their noise origin, so as [128].
Quantitatively, [81, 210, 95] suggests that DDPM’s inversion is an L2 OT process. However,
the correlation strength between generated images and their noise origin, i.e. how much
perturbation can such correlation resist, was not thoroughly discussed. Our work proves a
stable relation exists between the generated images and their noise origins, which supports
the generation diversity of Immiscible Diffusion.
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Gaussian Noise Space
Original Noise + 10% Perturbation 

Original Noise + 20% Perturbation 

Original Noise + 30% Perturbation 

Original Noise

Generated Images

Figure 5.2: Stable correlation between generated images and its noise origins. Here
perturbation means another Gaussian noise added to the fixed original Gaussian noise. Note
that even with 20% perturbation, images changes are nearly unnoticeable. Only with 30%
perturbation, a image object change happens. These demonstrate stable correlation from a
noise area to a specific generated image.

5.3 Improved Immiscible Diffusion
[104] borrows Immiscible Diffusion, a physics concept describing solutes which cannot mix
homogeneously, to assign images with near noise points via batch-wise linear assignment.
While this accelerates diffusion training, the linear assignment is weak with only ∼ 2%
image-noise distance drop afterwards, and its computational complexity is O(n3), which
scales up quickly with the batch size.

Therefore, to improve Immiscible Diffusion, we need to break the limit of using linear
assignments. However, involving image-noise correlation generally triggers concerns on the
diversity of generated images, as images are not diffused image to uncorrelated noises. Con-
sequently, we need to take a deeper look into the generation diversity, to justify building
correlations between images and noises.

5.3.1 Image-noise Correlation in the Denoising Processes

To evaluate the image-noise correlation during denoising, we generate images on a trained
vanilla DDIM with a specific noise point and its ambient noise area. We first sample a
specific noise point Norig. Then we add diverse perturbations Npert onto it, respectively.
Specifically, we sample 10 independent Gaussian Npert’s. The perturbed total noise can be
expressed as,

Ntot = Norig +W ·Npert (5.1)



CHAPTER 5. IMPROVED IMMISCIBLE DIFFUSION: ACCELERATE DIFFUSION
TRAINING BY REDUCING ITS MISCIBILITY 60

Where W is the weight of the perturbation. We present images generated by the original
and perturbed total noise in Figure 5.2. For example, we see Norig generate a cat image.
Surprisingly, with W = 10% on all 10 perturbation, we see that the generated images are
still all cats without noticeable differences. Further, we see that W = 20% of perturbation
only results in very slight image differences (like the background difference in the 1st and
2nd images from left), while no modal changes are observed. Only with 30% weight of
perturbation, we observe image object changes in a few generated images. However, we can
clearly find pixel-level similarities between these images despite modal differences. These
results unequivocally prove that generated images are stably correlated with the sampled
noise. As a result, while vanilla (miscible) diffusion models diffuse each image equally to the
whole noise area, hoping to see that every image can be generated from a noise point or a
small noise area, this goal cannot be achieved, nullifying the motivation of miscible diffusion
in generation diversity, so as the concerns on Immiscible Diffusion’s generation diversity. In
Section 5.4.3, we further quantitatively show that Immiscible Diffusion does not negatively
impact the diversity of generated images.

5.3.2 Step-by-step Feature-level Benefits Analysis of Immiscible
Diffusion

We now dive deeper to understand more clearly on how Immiscible Diffusion accelerates
diffusion training, in order to help to accordingly design more implementations of it.

[104] suggests and mathematically proves that miscible diffusion causes difficulty in de-
noising at noisy layers. As shown in Figure 5.3 (a), the noisiest layer, referred as τ = S in
DDIM [162], does not effectively predict the noise added. To confirm the ubiquity of such
denoising difficulty, in Figure 5.3 (c) we show the tSNE of the predicted images from each
denoising layer τ = 0, . . . , S. We collect 128 noise points, generating images with them, and
logging the predicted images (xpred,0’s) from each denoising layer, which are computed with
the layer’s feature xτ and the predicted noise npred,τ according to the noise schedule ατ :

xpred,0 =
1
√
ατ

xτ −
√
1− ατ√
ατ

npred,τ (5.2)

Points on the same line represent xpred,0’s from the same initial noise on different τ ’s. Ap-
parently, though different lines start from different noise points, they are chaotically tangled,
suggesting that the same denoising goals are frequently shared between different denoising
paths, which implies that the denoising difficulty commonly happens in the denoising. That
is not surprising, as the vanilla DDIM takes miscible diffusion. To quantitatively express the
miscibility, we stat the average L2 distance between noise clusters (i.e. 10, 000 noise points)
assigned to each image. The distance for vanilla DDIM is only 0.92± 0.06, proving that the
diffusion process is truly miscible.

However, Immiscible Diffusion substantially overturns these difficulties. With the linear
assignment implementation, we find that the average distance between noise clusters assigned
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Figure 5.3: Feature analysis of vanilla (miscible) and immiscible DDIM. Referring
to [162], τ = S represents the layer denoising from the pure noise. We show that Immis-
cible Diffusion activates the noisiest (τ → S) layers’ denoising functions by clarifying their
denoising goals, as shown in the tSNE (t-Distributed Stochastic Neighbor Embedding) of
denoised images across τ ’s. Such activation results in FID improvements on the denoised
images from large τ ’s, which leads to better performance and faster convergence of diffusion
models.

to each image is increased significantly to 4.11± 0.37, suggesting that the noise clusters are
more separate than the miscible diffusion, and thus is more immiscible by the definition.
Figure 5.3 (b) illustrates that under Immiscible Diffusion, even the noisiest layer τ = S
can effectively predict the noise and can denoise the image, and Figure 5.3 (e) shows that
with Immiscible Diffusion, the tSNE figure shows much less intersections, implying that
each noise point has its own stable denoising goal, which corresponds to the goal of easing
denoising. As a result, as shown in Figure 5.3 (d), the FID of the denoised images from noisy
layers exhibit significant improvement, which finally leads to the performance and training
efficiency boost of Immiscible Diffusion.

The analysis above clearly figures out that the reduced miscibility helps to clarify the
denoising goal, easing the denoising and helping it to be effective, and finally improve the
performance of the miscible layers, and the final outputs. These step-by-step benefits of
Immiscible Diffusion help us to extract the essence of it, and to design additional implemen-
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tations in the following section.

5.3.3 Improved Immiscible Diffusion

As the benefits of Immiscible Diffusion can be traced back to the reduction of miscibility in
diffusion, we naturally propose that the concept of Immiscible Diffusion should also reflect
only the reduction of miscibility in diffusion, without unnecessary bounds to image-noise
pairing. Under this improved concept, we argue that such assignment is only one way to
achieve Immiscible Diffusion. In this chapter, we additionally propose two new Immiscible
Diffusion implementations, which do not need linear assignment, or even image-noise corre-
lations. Nevertheless, both methods exhibit excellent immiscibility, and therefore boost the
training efficiency significantly.

Image

Distribution

Noise

Distribution

(a)Miscible Diffusion

(Vanilla Diffusion)

(b) Immiscible Diffusion

via Linear Assignment

(c) Immiscible Diffusion

via KNN

(d) Immiscible Diffusion

via Image Scaling

Figure 5.4: Implementations of Immiscible Diffusion. (a) Miscible Diffusion pairs
the batch of images and noises randomly before adding noise to images. (b)(c)(d) Im-
miscible Diffusion tries to reduce the miscibility of diffusion by (b) L2 linear assignment
between the batch of images and noises and (c) sampling k noises and pick the nearest one
(KNN) to use. (d) scaling images by multiplying their pixel values with a constant > 1,
which reduces overlaps between diffuse-able areas of different images.

Batch-wise Linear Assignment

Batch-wise linear assignment in [104] still qualifies Immiscible Diffusion. As shown in Figure
5.4 (b), this method performs a linear assignment [29] between the batch of images and noise
points sampled. Such an assignment preferably assigns noise to nearby images while keeping
the general distribution of all noises Gaussian. However, this trades off the running speed
for each step when the batch size scales up, as the linear assignment is an O(n3) operation.

KNN Noise Selection

To avoid the scaling-up of execution time with larger batch sizes, we provide the second
implementation of Immiscible Diffusion, the KNN method, where we sample k Gaussian
noise points for each image and pick the one L2-closest to the image, as illustrated in Figure
5.4 (c). This method is very efficient - its execution time is only 0.2ms for a batch size of
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256 and would not scale up quickly when larger batches are used, as it is an O(n) operation.
The algorithm is shown in Algorithm 2.

Algorithm 2 Immiscible Diffusion Implementation - KNN Sampling
1: Input: Image x, k random noises {n1, . . . , nk}, noise schedule αt

2: n ← argminnj∈{n1,n2,...,nk} dist(x, nj)

3: xt ←
√
αtx+

√
1− αt · n

4: Output: Diffused image batch xt

While the distribution of overall noise points used in training KNN-implemented Immis-
cible Diffusion is not guaranteed to be Gaussian, as some sampled noise points are selectively
dropped, we argue that such discrepancy is negligible. To prove this, we sample 50k Gaus-
sian noise points in the size of CIFAR-10 [89] images, i.e. 3×32×32. Comparing them with
the Gaussian distribution results in a KL divergence of 48.25. We then collect another 50k
noise points which are selected in the KNN Immiscible Diffusion (k = 8), finding that their
KL divergence to Gaussian is 48.60, which is only very slightly higher than noise points from
a strict Gaussian distribution. Therefore, our KNN implementation does not significantly
alter the Gaussian noise distribution.

Image Scaling

Though image-noise correlation is effective in building Immiscible Diffusion, there are also
ways to reduce miscibility without it. A typical example is image scaling, i.e. to multiply
the normed images’ pixel values by a factor greater than 1, like 2 or 4. Such action has
no influence on the noise space. However, the L2 distance between each image is farther
after the scaling, making the centers of diffused areas (t < tmax) of different images farther
away from each other. Considering the noise amplitude at each diffusion step t is kept
consistent, the diffused areas for different images at every step t < tmax are naturally having
less intersections, which constitutes Immiscible Diffusion. We will defer the immiscibility
and performance experiments of this method to Section 5.4.6.

5.4 Effectiveness of Immiscible Diffusion
With the improved Immiscible Diffusion concept and the new and existing implementations,
we perform a large series of experiments to systematically examine the benefits and the gen-
eralization ability of Immiscible Diffusion across various image generation tasks, models, and
datasets, as well as extended tasks including image in-painting, out-painting, and robotics
planning.
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Figure 5.5: Immiscible diffusion boosts training efficiency. We show the training
steps required to reach the best FID for vanilla models across three diverse diffusion-based
architectures. Results consistently show that Immiscible Diffusion trains significantly faster.

5.4.1 Experiment Setups

We implement Immiscible Diffusion on diverse diffusion-based methods, including Consis-
tency Models [166], DDIM [162], Stable Diffusion [149], and Flow Matching [111]. We train
these implementations on a variety of popular datasets, including CIFAR-10 [89], ImageNet-
1k [31] and MS-COCO [110]. The training hyper-parameters are discussed in Section C.1
and Table C.1.

5.4.2 Unconditional Image Generation Training
We compare the unconditional image generation training steps necessary to reach the best
FID of the vanilla diffusion-based models in Figure 5.5. Astonishing and consistent training
efficiency enhancement is observed across all diffusion-based models, despite their signifi-
cant differences in diffusion trajectories (flows), denoising solvers and sampling step picking
strategies. Across all experiments, we generally observe that the baseline diffusion-based
models need a maximum of 2.5 to 4.5 times of training steps to achieve the same perfor-
mance of their Immiscible Diffusion counterparts. These results strongly support the robust
ability of Immiscible Diffusion in improving the training efficiency of diverse diffusion-based
models.

5.4.3 Conditional Image Generation Training and Fine-tuning

Class-conditional Image Generation from Scratch. We conduct class-conditional im-
age generation training from scratch on Stable Diffusion [149] and ImageNet-1k [31], whose
result is shown in Figure 5.6 (a). Similar to the unconditional generations, Immiscible Dif-
fusion exhibits much faster training.

However, since Immiscible Diffusion does not diffuse each image equally to the noise
space, questions on whether Immiscible Diffusion models can still follow the prompts as
good as vanilla models can be raised. Simply put, the answer is Yes, they can. In Section
5.3.1, we have shown that vanilla diffusion-based models yet have strong image-noise correla-
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(a) (b) (c)Stable Diffusion Class-conditional Training Stable Diffusion Class-conditional Fine-tuning Stable Diffusion Conditional Training

Figure 5.6: Immiscible diffusion stays effective across diverse image generation
tasks. We demonstrate this with figures showing the training steps v.s. FID of (a)(b) Sta-
ble Diffusion class-conditional training and fine-tuning with ImageNet, and (c) conditional
training with MS-COCO.

tions, so the diversity of generated images should not be influenced solely by the miscibility
of the diffusion process. We further confirm this by evaluating the diversity of the generated
images with CLIPScore [62], which shows that both the immiscible and the baseline models
generate images with CLIPScores of 28.55, with a standard deviation of 0.01 and 0.02 respec-
tively, indicating that Immiscible Diffusion does not hurt the image-prompt correspondence
in complicated ImageNet dataset.

Class-conditional Image Generation Fine-tuning. Immiscible diffusion can also
benefit the fine-tuning. We confirm this intuition with a class-conditional image generation
fine-tuning experiment, which use ImageNet to fine-tunes Stable Diffusion which is pre-
trained on LAION [155] by [149]. Results in Figure 5.6 show significant and consistent
performance enhancements of Immiscible Diffusion compared to vanilla baselines. Note that
our class-conditional generation uses class names as prompts instead of the class number, so
the class-conditional fine-tuning and the conditional pre-training do not conflict in the form
of the conditions.

Models Vanilla SD Immiscible SD
KNN

In-painting 18.35 17.32
Out-painting 29.34 27.57

Table 5.1: FID evaluations of vanilla and Im-
miscible Diffusion in Image-to-image Tasks.

Free-prompt Conditional Image Gen-
eration from Scratch. To test Immis-
cible Diffusion’s effects on free prompts
other than limited classes of prompts, we
train Stable Diffusion [149] from scratch on
MSCOCO [110]. Results also suggest a per-
formance enhancement with Immiscible Dif-
fusion.

5.4.4 Image Editing

We perform in-painting and out-painting,
two classic image-to-image tasks, with vanilla and Immiscible Diffusion respectively. Both
models are Stable Diffusion (SD) models trained on ImageNet dataset. For the in-painting,
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we load images from ImageNet, replacing its center with Gaussian noise, and we let the model
to repair the missing parts of the images. The out-painting task is similar, but everything
other than the center part is replaced with Gaussian noise. We compare the completed im-
ages with the ImageNet dataset to calculate the FID, as shown in Table 5.1. We see that in
both tasks the immiscible models exhibit better completed images. We further qualitatively
provide a few comparisons in Figure C.1, where Immiscible Diffusion enjoys a better overall
output which we ascribe to its better preserving of source information.

5.4.5 Robotics Planning

Vanilla

(Miscible)

Immiscible

0s 30s3s 6s 9s 12s 15s 18s 21s 24s 27s

Figure 5.7: Immiscible diffusion boosts the performance of diffusion policy. Here
the robot (circle) needs to push the T-shaped object (gray) into the desired place (green).

Experiment Vanilla
(Miscible)

Immiscible
KNN k=2

Ave. Coverage for
Last 10 Ckpts (%) 79.56% 82.83%

Max Coverage (%) 85.71% 86.74%

Table 5.2: Immiscible diffusion in robotics
planning.

To further demonstrate the generaliza-
tion ability of Immiscible Diffusion, we ap-
ply it onto PushT, a task in diffusion pol-
icy [24] for robotics, which let the robot to
push a T-shaped object to a desired place.
Our experiments are performed on the sim-
ulated PushT task explained in Figure 5.7,
and with the data provided in [24]. Each ex-
periment is trained for 3, 000 epochs with 3
seeds, where the averages are taken as the
results. We take the average area coverage

by the T-shaped object onto the desired destination as the metric, which is the same as [24].
The experiment results are shown in Table 5.2. We see that area coverage is significantly

improved with Immiscible Diffusion. To illustrate this improvement more directly, we show a
typical improvement case in Figure 5.7. We observe a more accurate pushing process without
errors for Immiscible Diffusion policy where the vanilla one fails due to errors during the
pushing.
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(b) (c)FID of Predicted Images across τ’s FID of Generated Images
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Figure 5.8: Analysis on DDIM with images normed to different pixel value STDs.

5.4.6 Immiscible Diffusion Beyond Image-noise Correlations

As discussed in Section 5.3.3, image scaling can intuitively achieve Immiscible Diffusion
without enforcing image-noise correlations. Indeed, in Figure 5.8, we compare scaling pixel
values of normed images to different STD’s before performing diffusion with DDIM, whose
default is to norm image to a pixel value STD = 0.5. Indeed, Figure 5.8 (a) shows that larger
STD helps to reduce the confusion in denoising caused by miscible diffusion. Consequently
in Figure 5.8 (b), we observe that experiments with larger image STD enjoys lower FIDs
of predicted images during denoising, and finally in Figure 5.8 performs better with faster
training and better convergence performance. These results show that Immiscible Diffusion
is not necessarily bounded with image-noise correlations.

5.5 Discussions
In this section, we discuss the distinction of Immiscible Diffusion to some seemingly similar
methods, and compare our Immiscible Diffusion implementations to highlight their respective
advantages.

What is the difference between Immiscible Diffusion, flow matching [111] and
rectified flow [114]?

We compare Immiscible Diffusion with flow matching [111] and vanilla DDIM [162] in
Figure C.3. Compared to DDIM, flow matching linearizes the diffusion trajectory. However,
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its diffusion trajectories (flows) can still arrive at the same noise point from different images,
so flow matching is still miscible. Immiscible flow matching aims to reduce such miscibility
to let each diffusion trajectory mix less, so as to ease the denoising.

Rectified flow [114] can also make denoising paths distinct. However, in their method,
each image is still diffused to all the noise space, which means their diffusion is still miscible.

What is the relation between Immiscible Diffusion and batch-wise OT?
Batch-wise OT (linear assignment) can be one of the Immiscible Diffusion implementa-

tions. It preferably assign noise to closer images, so images would not be diffused to the
whole noise space. Therefore, the mixing of diffusion trajectories from different images re-
duces, and the diffusion is more immiscible. Step-by-step feature analysis in Section 5.3.1
clearly demonstrate how the linear assignment makes diffusion immiscible and boost the
diffusion’s performance. At the same time, batch-wise OT only reduces the image-noise av-
erage distance by ∼ 2% [104] and the denoising STD by ∼ 4% [136]. Therefore, we attribute
batch-wise OT’s training efficiency boosts mainly to its realization of Immiscible Diffusion.

Which implementation should I use, batch-wise Linear assignment or KNN?
While there are numerous ways to achieve Immiscible Diffusion, here we compare the

implementations we take for the reader’s reference. Since the setting of image scaling depends
heavily on the image normalization method taken by the baseline diffusion models, we focus
on comparison between batch-wise linear assignment and KNN. While both methods help to
enforce the image-noise correlation during diffusion, batch-wise linear assignment keeps the
noise space strictly Gaussian, and achieve better immiscibility in the noise space. The average
L2 distance between noise clusters assigned to each image for batch-wise linear assignment
is 4.11± 0.37, which is higher than that of KNN, which is 2.17± 0.35. Therefore, as shown
in Figure 5.3 (d), it achieves better FID in noisy layers than KNN. However, batch-wise
linear assignment suffers from computational cost of O(n3), which is higher than the KNN’s
O(n). Furthermore, in Figure C.2, we show the noise points assigned to the same image
using batch-wise assignment and KNN. We observe that the KNN noise points distribute in
a more continuous manner, which we posit to contribute to KNN’s better performance in
denoising un-noisy layers, as also indicated in Figure 5.3 (d).

5.6 Conclusion
Conclusion. In this chapter, we systematically revisit Immiscible Diffusion, a physics-
inspired method aiming to boost diffusion training efficiency. Our experiments firstly show
that image-noise correlation introduced by Immiscible Diffusion empirically does not alter the
diversity of generated images due to the intrinsic image-noise correlation in vanilla diffusion
models. Detailed feature analysis shows how Immiscible Diffusion step-by-step enhances the
denoising outputs. Based on these findings, we improve the Immiscible Diffusion concept,
which does not require doing image-noise pairing nor even image-noise correlations. We offer
a few new Immiscible Diffusion implementations, achieving training efficiency boosts up to
> 4×, across diverse baseline diffusion models and on various image generation tasks, image



CHAPTER 5. IMPROVED IMMISCIBLE DIFFUSION: ACCELERATE DIFFUSION
TRAINING BY REDUCING ITS MISCIBILITY 69

editing and robotics planning. Our method points out the diffusion trajectory miscibility
problem, a generally existing problem in diffusion training dragging its efficiency, which could
be a fundamental direction to explore towards high-efficiency diffusion training, and towards
large-scale vision-based driving data synthesis.

Limitations. While we propose diverse methods to reduce miscibility in diffusion train-
ing, there should be more methods to handle the miscibility problem, which will be a broader
area to explore.
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Chapter 6

Final Words

6.1 Summary of Key Contributions
This dissertation has presented a comprehensive framework for addressing the critical chal-
lenge of data scarcity in autonomous driving. The core contribution of this work lies not
in direct physical data collection, but in paving diverse pathways to maximize the utility
of existing data and to generate new data automatically: through augmentation, semantic
enrichment, and efficient generation, all without any additional human labor. Together,
these works constitute a robust toolbox for overcoming the data bottlenecks inherent in
learning-based autonomous systems.

Chapter 2 introduces a driving data augmentation method that leverages simple geomet-
ric transformations for augmenting maps and existing planner on generating vehicle trajec-
tories. We demonstrate that performing self-supervised pre-training on this synthesized data
results in a significant improvement in the accuracy of motion prediction models.

Chapter 3 presents WOMD-Reasoning, a language annotation dataset automatically gen-
erated from the Waymo Open Motion Dataset. This work distills interactions governed by
traffic rules and human intentions into explicit natural language representations. The re-
sulting dataset significantly enriches the semantic density of existing motion data, enabling
downstream models to comprehend complex interactions and incorporate them into the
prediction loop. Building on this, we introduce Motion-LLaVA, a motion-language model
fine-tuned on WOMD-Reasoning. With the integration of Motion-LLaVA, we again observe
a substantial enhancement in the performance of motion prediction models.

Chapter 4 and Chapter 5 identify miscibility, an unnecessary inductive bias in diffusion-
based models, as a critical factor that compromises training efficiency and impedes the
training of large-scale generation model for vision-based driving data. We theoretically
prove that miscibility not only complicates the denoising process but also contributes little
to generation diversity. Based on this theoretical insight, we propose immiscible diffusion, a
method designed to reduce miscibility, i.e., the mixing of diffusion paths during the diffusion
process. We provide several implementations that achieve significant training efficiency gains
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across diverse diffusion backbones. These contributions pave the way for training generative
models efficiently, positioning them as powerful data engines for the next generation of
autonomous driving.

6.2 Implications and Impact
The research presented in this dissertation offers significant implications for tackling data
scarcity in autonomous driving, with broader impacts extending to the representation learn-
ing, Large Language Model (LLM), and generative modeling communities. By leveraging
heuristic augmentation, extracting latent semantic information, and optimizing the training
of vision data generation models, vast quantities of high-fidelity driving data can be accessed
without incurring the costs of physical mileage or expensive sensor instrumentation. The
author hopes these methods can provide a road-map for solving learning-based problems un-
der strict data budgets, offering profound insights for the general AI community regarding
data efficiency and scalability.

6.3 Future Directions to Explore
While this dissertation has made significant strides in addressing data scarcity, it also illu-
minates several promising avenues for future research:

• Integrating data augmentation, generative synthesis, and semantic enrichment into a
unified pipeline to achieve state-of-the-art driving performance under extremely limited
data budgets. As demonstrated in Chapter 2, data augmentation methods can signifi-
cantly expand existing datasets. These datasets can be further enriched with language
annotations using the techniques proposed in Chapter 3. Furthermore, vision modali-
ties can be synthesized using models trained with the acceleration methods introduced
in Chapters 4 and 5. By leveraging this multi-modal augmented data, autonomous
driving models can be trained to achieve superior accuracy and safety.

• Exploring high-reliability, automated human-aligned evaluation metrics to continu-
ously elevate the quality of generated language datasets, such as WOMD-Reasoning,
ensuring their suitability for safety-critical tasks. While human evaluation is effective
for quality control, it is often prohibitively expensive and hard to scale. However,
without rigorous validation, the quality of language datasets falls short of the strict re-
quirements for safety-critical models. Therefore, further exploration into high-accuracy
automated validation of language annotations is imperative.

• Designing semantically meaningful image-noise correlations in diffusion-based models
to enhance the controllability of the generation process. In Chapters 4 and 5, images
are assigned to noise points based on proximity in the pixel space. While this improves
training efficiency, such assignment lacks semantic alignment, thereby not benefiting
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the controllability of the diffusion models. Future research on mapping images to noise
regions based on semantic meanings will enable models to generate images with specific
semantic attributes, greatly enhancing their prompt-following capabilities.

• Utilizing diffusion as a unified foundation model to perform holistic multi-modal pre-
dictions, encompassing motion trajectories, video prediction, and high-level linguis-
tic predictive reasoning. By sharing information across modalities within a unified
diffusion-based backbone, one can foster stronger cross-modality interactions and es-
tablish a mutual relationship between vision, motion, and language predictions.

• Leveraging large-scale driving data synthesized by diffusion models to perform unsu-
pervised pre-training, further boosting the robustness and generalizability of driving
models. Since diffusion-based models are trained on vast corpora of general-purpose
images and videos, they encode broad world knowledge that driving-specific models
could lack. Utilizing these models to synthesize visual driving data offers a promising
avenue for transferring this general knowledge into driving agents, thereby improving
their robustness and generalization abilities.

6.4 Concluding Remarks
In conclusion, this dissertation establishes a diverse and effective set of methodologies to
augment expensive driving data without the need for real-world driving costs. The methods
introduced, ranging from geometric augmentations and planner-based synthesis to semantic
language annotations, have been demonstrated to be highly effective in improving motion
prediction accuracy, a cornerstone task in autonomous driving. Furthermore, our immiscible
diffusion series renders the training of diffusion models computationally affordable, estab-
lishing them as a viable data engine in the era of generative AI. These works collectively offer
a comprehensive solution to the data scarcity problem, which persists as one of the most
significant obstacles in the autonomous driving field. Through the continuous expansion
of data quantity and richness, these approaches have proven and will continue to prove in-
strumental in advancing autonomous driving technologies toward a stage that is safer, more
reliable, and more explainable.
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Appendix A

Appendix for WOMD-Reasoning: A
Large-Scale Dataset for Interaction
Reasoning in Driving

In this appendix, we first show the building process of WOMD-Reasoning in detail in A.1.
Specifically, we show the construction of the interpreted language of the motion data with
an example (A.1.1), and we revisit the detailed methods utilizing GPT to build the language
dataset as well as providing the full set of prompts (A.1.2). Some examples of the vision
modal of WOMD-Reasoning provided by simulations are presented in A.2.

Then, for Motion-LLaVA, whose language output enhances trajectory prediction as shown
in Section 3.6, we provide further implementation details. Specifically, in A.3, we describe
how agent information from driving scenarios is incorporated into the input of Motion-
LLaVA. The training hyperparameters used for the downstream trajectory prediction module
are presented in A.4. The prompt used to obtain the GPT Score for evaluation is provided
in A.5.We further provide a qualitative comparison in A.6 of the benchmarked multi-modal
models listed in Table 3.4, and introduce in A.7 additional multi-modal models not included
in the table. Examples of aggregated context (A.8) and factual description context (A.9)
used in Chain-of-Thought interaction reasoning are also provided for reference. An ablation
study on the fine-tuning strategy used in Motion-LLaVA is included in A.10, along with an
analysis of the data efficiency of WOMD-Reasoning in helping Motion-LLaVA learn driving-
related reasoning in A.11.

A.1 Details in Building WOMD-Reasoning
In this appendix, we show the details of how we build WOMD-Reasoning dataset, including
detailed explanations on each step we take, the example of the translated motion scenarios,
and the GPT prompts. The full version of codes and prompts used herein can be found in
the supplemental materials.
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A.1.1 Automatic Translation of Driving Scenarios into Language
Descriptions

ChatGPT cannot effectively process raw data from motion datasets, as it is mainly trained
on textual information rather than motion data. Therefore, we first translate the motion
information into textual descriptions by a rule-based program. Accurate motion translation
is critical to the quality of the dataset, as it serves as the only input observable to GPT.
Ensuring thorough and well-structured translations is essential for GPT to perform accurate
interaction analysis and reasoning.

To ensure enough information for analyzing interactions involving the ego agent, we
translate the motion data into an ego-centric description of the traffic scenario. Specifically,
before describing the ego agent status, we first narrate the map environment around the
ego agent, including information about related intersections, lanes, stop signs, crosswalks,
speed bumps, etc. The above information provides a comprehensive spatial guidance that
facilitates describing the motion of either ego or other agents accurately. Then, we describe
the status of the ego agent in the scenario, including its motion status (e.g., the velocity,
acceleration, etc.) and the positional status (e.g., the lane it occupies and its position related
to the intersection center). Furthermore, the traffic light and signal information related to
it are summarized in the description. Besides the ego agent, the depiction of other agents,
including other vehicles, bicycles, and pedestrians, is also crucial for GPT to analyze the
interactions. Therefore, we then describe every other agent in the scenario in the same way
as we describe the ego agent. We additionally include the positional relation between the
other agent and the ego one to support the identification of every agent’s position.

Utilizing the methods above, we can translate motion datasets into languages. Due to the
limitations of computational resources of GPT, we only choose to translate those scenarios
that have objects_of_interest labels in WOMD, which indicates confirmed significant
interactions happening in the scenario. We build two subsets of WOMD-Reasoning with the
same setting: the training set is built on the training set of WOMD, while the validation set
is built on the interactive validation set of WOMD. In total, we translate 63k scenarios into
language. An example of the translation can be found in Table A.1.

A.1.2 GPT-based Interaction Analysis

With the language translation of WOMD as input, we further design a set of prompts
to utilize ChatGPT-4 [130] to build the Q&A dataset, taking advantage of its abilities in
analyzing interactions. The prompts come with 4 main parts. (1) System Prompt, which
lets the GPT know its role and the format of its input, i.e. the language translation. (2)
Responsibility Prompt, which describes the responsibilities of the GPT, including the
questions it should ask and answer, as well as the output format it should use. This will be
talked about in detail in the next paragraph. (3) Rules Prompt, which contains global
rules to guide the output and the analysis. (4) In-context Prompt, which provides a few
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Descriptions on map environment:
The ego agent is heading towards intersection. The intersection center is 18.0 meters in front of the
ego agent, and is 17.0 meters on the left of the ego agent. The intersection is a 4 way intersection.
Descriptions on ego agent:
The ego agent is on the 1 lane from the right, out of 3 lanes. Its current speed is 8 m/s. It is
accelerating. Traffic Light for the ego agent is red. The ego agent is approaching a crosswalk 3
meters ahead.
Descriptions on surrounding (other) agents:
Surrounding agent # 0 is a vehicle. It is 23 meters in front of the ego agent, and is 17 meters on
the left of the ego agent. It is heading right of the ego agent. Its current speed is 6 m/s. It is
accelerating. It is in the intersection. It is 29 meters away from the ego agent. It is approaching
a crosswalk 3 meters ahead.
Surrounding agent # 2 is a vehicle. It is 11 meters on the right of the ego agent, and is 0 meters
behind the ego agent. It is heading left of the ego agent. It is not moving. It is on the same side
of the intersection as the ego agent. It is 34 meters away from the intersection center.
· · ·
Descriptions on agents after 3 seconds:
The following is the description of the ego and surrounding agents after 3.0 seconds:
Surrounding agent # 0 will be 8 meters in front of the ego agent, and will be 5 meters on the left
of the ego agent. It will be heading right of the ego agent. Its speed will be 7 m/s. It will be
departing from the intersection. Looking from the agent’s current angle, it will be on the same
side of the intersection. It will be 18 meters away from the intersection center.
The ego agent will be 13 meters in front of the current place, and will be 2 meters on the right of
the current place. It will be heading in the same direction as the current moment. Its speed will
be 3 m/s. It will be departing from the intersection. Looking from the agent’s current angle, it
will be on the same side of the intersection. It will be 20 meters away from the intersection center.
Surrounding agent # 2 will be 13 meters on the right of the ego agent, and will be 9 meters behind
the ego agent. It will be heading left of the ego agent. It will not be moving. Looking from the
agent’s current angle, it will be on the same side of the intersection. It will be 34 meters away
from the intersection center.
· · ·

Table A.1: An example of the language translation of motion data.
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System prompt for GPT:
You are an AI assistant to analyze real-world driving scenes.
You are provided with the detailed information (formated as: [start of the input] the detailed infor-
mation [end of the input]) of the real-world driving scenario, which primarily includes information
about the ego vehicle (denoted as ’Ego Agent’), other vehicles, cyclists or pedestrians (denoted as
’Surrounding agent #n’), intersections and road lanes. Note that the input includes the current
situation as well as the situation in a future moment for your reference.
Unless you are told to guess, only provide information you are certain according to the input. The
input is complete. Any agents or other things not mentioned in the input does NOT exist, and
you should NOT guess what would happen if they exist.

Table A.2: System prompt for GPT.

human-written examples of input-output pairs to perform in-context learning. An example
of each part of the prompts can be found in Table A.2, A.3, A.4, and A.5 respectively.

The questions in the responsibility part of the prompt decide what would be present in
the generated language Q&A dataset. To provide a comprehensive language dataset, and
to present interaction analysis as accurately as possible, we organize the questions into a
chain to enable a well-designed Chain-of-Thought [191, 26]: First, we ask questions about
the map environment, the ego and other agents’ motion. These questions would let the GPT
provide Q&As useful for fine-tuning scene description agents while enhancing the GPT’s
understanding of the input information at the same time. Then, we ask questions about
the interactions that occur in the observable future period. To include traffic rule-induced
and intention-induced interactions, we ask the GPT to think about the interaction between
each pair of agents by answering a sequence of questions: Q1: Are the two agents vehicles,
and are they close to each other with traffic rules or signals governing their movements?
If the answer is yes, we request that GPT analyze their yielding relations according to the
traffic rules. Otherwise, we ask Q2: Are the two agents vehicle and pedestrian respectively
with intention conflicts? If so, the vehicle generally should yield to the pedestrian for safety.
If both questions do not help find the interaction relations, we come to Q3: Does the
scene show patterns of certain intention-induced interaction? We provide descriptions of
a few common interactions like overtaking, following, etc. GPT can choose the best fit
from these patterns to try to cover more interaction types. Based on this pipeline, we
can provide interaction analysis with rich information on traffic rule-induced and human
intention-induced interactions. After that, we can finally wrap up the interactions between
the ego and all other agents to provide the intention of the ego agent.



APPENDIX A. APPENDIX FOR WOMD-REASONING: A LARGE-SCALE DATASET
FOR INTERACTION REASONING IN DRIVING 97

Responsibility Prompt for GPT:
You are responsible for the following responsibilities:
First, print "[Env QA]". Generate Q&A on all the scenario description inputs about the scenario
environment. The Q&A must be in the following format: "[Q][Question content] [A][Answer content]"
The Q&A should cover ALL information about the CURRENT moment in the input description. No
information in the provided future moment should be used. Your questions should include all the
questions in the following categories except the answer is not mentioned in the input: (1) About the
intersection: its existence? Its type? (2) About the lanes: How many lanes on ego’s side? (3) About
stop signs: its existence? where is it? which direction is it for?
· · ·

Second, print "[Ego QA]". Generate Q&A on all the scenario description inputs about the the ego agent.
The Q&A must be in the following format: "[Q][Question content] [A][Answer content]" The Q&A should
cover ALL information about the CURRENT moment in the input description. No information in the
provided future moment should be used. Your questions should include all the questions in the following
categories: (1) About its motion: its speed? its motion status? (2) About its position: its position? its
lane? (3) About its direction: its facing direction? its turning direction?
· · ·

Third, print "[Sur QA]" and generate Q&A on all the scenario description inputs about surrounding
agents. The Q&A must be in the following format: "[Q][Question content] [A][Answer content]" The
Q&A should cover ALL information about the CURRENT moment in the input description. No in-
formation in the provided future moment should be used. For each surrounding agent, your questions
should include all the questions in the following categories except the answer is not mentioned in the
input: (1) About itself: its type? (2) About its motion: its speed? its motion status? (3) About its
position: its position to the ego agent? its position to the intersection? its lane?
· · ·

Fourth, start a new paragraph and print "[Int QA]". For each surrounding agent, start a new paragraph
and provide one Q&A for the interactions between it and the ego agent. The Q&A must be in the
following format: "[Q][Question content] [A][Answer content]" Here [Question content] should have the
meaning "What interactions will happen between surrounding agent #n and the ego agent?" without
any additional information like "considering what" or "given what", but you must use diverse ways to
put it. (i.e. ask in different ways for different surrounding agents) When providing [Answer content],
you should use the descriptions for both the current moment and the future moment, and analyze based
on them. Pay attention to the special situations where you should consider that there is an interaction:
· · ·

Fifth, for the ego agent, start a new paragraph, print "[Intention]", and provide one Q&A for the in-
tention of the ego agent. The Q&A must be in the following format: "[Q][Question content] [A][Answer
content]" Here [Question content] should have the meaning "What will be the intention of the ego
agent?", but you must use diverse ways to put it. When providing [Answer content], and think about
following questions in the time period from now to the provided future moment based on given descrip-
tion: (1) What is the ego agent’s intention if no other agents exist? (2) If applicable, what actions does
the ego agent take to respond to traffic lights, stop signs, crosswalks, speed bumps and traffic rules? If
some traffic controls are not applicable, do not output on that. (3) In each interaction involving the ego
agent, what actions do the ego and surrounding agent take to respond to each other? If one agent does
not have interaction with the ego agent, exclude it in your answer.
· · ·

Remember to use diverse ways to put the [Answer content]. Do not include any numbers regarding
speeds or positions in your [Answer content].

Table A.3: Responsibility prompt for GPT.
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Global rules prompt for GPT:
Here are some global rules that your need to follow:

1. Please provide the summary and analysis of the driving scenario according to your
responsibilities.

2. Never use bullet points. Be concise and compact.

3. Give natural language, no parenthesis.

4. Give the results in the order of the responsibilities. Always start a new paragraph
for each responsibility, but one responsibility can take several paragraphs. Do not
combine multiple responsibilities together. Finish one responsibility before starting
another.

5. Do not show the intersection number, lane number or the ego agent’s number. The
surrounding agents’ numbers need to be shown.

6. Output in full. Never omit anything regardless of any reason. You are allowed to
give very long outputs.

7. Remember that all the agents and traffic controls in the scene have been provided,
so if any agents or traffic controls are not mentioned in the scene, they do not exist.
You don’t need to consider them or give any output about them. Therefore, do not
output words like "not mentioned" because this is inaccurate.

8. The traffic light info is for the current moment only. The future traffic light info is
unknown.

9. Any action caused by traffic controls like lights, stop signs or crosswalks may also
constitute yielding interactions. Traffic controls are only an indication of right-
of-way, but any actions that are caused by the traffic controls are still considered
interactions. For example, if a car is waiting for the red light or a stop sign while
someone other cross the intersection with green light, the car is still considered
yielding to the other car.

10. When analyzing the future, talk about the period between the current and future
moment provided, not the two moments.

Table A.4: Rule prompt for GPT.
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Context prompt for GPT:
Here is one given example that you can refer to to help you better understand you responsibility Fourth
and Fifth: For the input case of:
[start of input]
The ego agent is in intersection. The intersection center is 10.0 meters in front of the ego agent, and is
1.0 meters on the left of the ego agent. The intersection is a 4-way intersection.
It is going straight. It is exiting the intersection. It ’s current speed is 6 m/s. It is accelerating. The
ego agent is approaching a stop sign 1 meters ahead. There are 4 stop signs in the intersection. The
ego agent is approaching a crosswalk 1 meters ahead.
Surrounding agent # 0 is a vehicle. It is 4 meters on the left of the ego agent, and is 2 meters behind
the ego agent. It is heading the opposite direction as the ego agent. Its current speed is 9 m/s. It is
accelerating. It is departing from the intersection. It is on the same side of the intersection as the ego
agent. It is 12 meters away from the intersection center.
· · ·
[end of input]

you may give the following analysis:
[Int QA]
[Q] What kind of interaction can be expected between the ego agent and surrounding agent #0 given
their positions and directions?
[A] Surrounding agent #0 will have no interaction with the ego agent as their intended paths have no
conflicts.
· · ·
[End Int QA]

[Intention]
[Q] What will the ego agent aim to do in the upcoming moments?
[A] The ego agent intends to continue exiting the intersection. There is a stop sign on its side but it
has already stopped and started afterwards. Surrounding agent #1 will yield to it so the ego agent does
not need to respond. Surrounding agent #3 will follow it but the ego agent does not need to respond
as well. Therefore, the ego agent will continue in the intersection and finish its left turn.
[End Intention]

Here is another given example that you can refer to to help you better understand you responsibility
Fourth and Fifth:
· · ·
[end of input]

you may give the following analysis:
[Int QA]
[Q] What kind of interaction can be expected between the ego agent and surrounding agent #0?
[A] The ego agent will yield to surrounding agent #0 because they are both approaching the intersection
and the traffic light is red for the ego agent, indicating that the ego agent must stop.
[End Int QA]

[Intention]
[Q] What will the ego agent aim to do in the upcoming moments?
[A] The ego agent intends to enter the intersection, but it has to stop at the red traffic light and wait
for it to change to green before proceeding through the intersection. It will also yield to surrounding
agents #0 who is already in the intersection. Therefore, the ego agent will wait until the lights turn
green and the surrounding agent #0 passes before entering the intersection. [End Intention]

· · ·

Table A.5: In-context prompt for GPT.
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t = 2s t = 5s t = 8s t = 2s t = 5s t = 8s

Figure A.1: More visual examples of WOMD-Reasoning through simulations.

A.2 Examples of Simulated Vision Modality
Figure A.1 provides some whole examples of the simulated scenarios generated by MetaDrive [102]
simulator using ScenarioNet [101] traffic scenario simulation platform.

A.3 Processing Agent IDs for Motion-LLaVA
Careful processing of agent IDs is essential for enabling Motion-LLaVA to accurately dis-
tinguish between different agents. In our approach, these IDs are used purely as textual
identifiers within the prompts, allowing the LLM to differentiate agents through natural
language understanding. The prompt format is:

Ego agent: <motion>\n Agent #0: <motion>\n...\n Now, please answer: {Question}
, where <motion> denotes the encoded motion data from each agent’s perspective. The

IDs are assigned by range: #0–#99 for vehicles, #100–#199 for bicycles, and #200–#299
for pedestrians. We remap WOMD agent IDs to these local ranges to prevent downstream
models from overfitting to specific agents’ behaviors. Importantly, these agent IDs do not
encode any additional information beyond their role as identifiers.

A.4 Hyperparameters for Multipath++
In the experiment using languages from Motion-LLaVA outputs to assist vehicle trajectory
predictions, we use a batch size of 128 and a learning rate of 1e − 4 for Multipath++.
As language is not available for every agent, we use "No captions available for this
agent." for those agents without language inputs. The t5 − v1_1 − xxl model is used as
the language encoder.
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We would like to request your feedback on the performance of an AI assistant in response to the
user question displayed above. The user asks the question on observing a driving scenario. The
correct answer is included for your reference.
### Scoring rules:

• Your scores for each answer should be between 0 (worst) and 10 (best).

• If the answer is mostly incorrect but includes important relevant information, such as iden-
tifying correct agents or actions, give a score of less than 3.

• Give intermediate scores for partially correct answers or when the numbers are close. Only
give a score of 10 for flawless answers.

• Think critically and carefully. Most importantly, check the answer for factual correctness,
but reward partial credit where applicable.

### Grading process For each of the xxx questions, provide a one line assessment of the student’s
answer in the format:
“ ‘ n. <short one sentence assessment>. Score: <score 0-10>. “ ‘
A few examples of what a good assessment might look like:

1. Acknowledged question unrelated to driving and attempted to answer. Score: 10.

2. Doesn’t answer the question but has all information necessary. Score: 3.

3. Incorrectly stated there are no vehicles around even though there is one. Score: 0.

4. Unable to answer question given information available. Score: 10.

5. Give 12 m/s or m or percentage for the correct answer of 13 (within 10% deviation). Score:
9.

6. Give 15 m/s or m or percentage for the correct answer of 13 (within 20% deviation). Score:
7.

7. Give 18 m/s or m or percentage for the correct answer of 13 (within 40% deviation). Score:
5.

8. Give 2 m/s or m or percentage for the correct answer of 13. Score: 0.

Table A.6: Prompt for GPT Score.

A.5 Prompts for evaluating GPT Score
We employ the OpenAI GPT-4-turbo model [130] to evaluate the performance of all models
benchmarked on the WOMD-Reasoning. The GPT Score prompt is presented in Table A.6.
Notably, we design our GPT Score prompt using a similar template to the one from [20].
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A.6 Qualitative Comparison of Benchmarked
Multi-modal Models on Answering Questions in
WOMD-Reasoning

In this appendix, we present examples of answers to questions in WOMD-Reasoning gen-
erated by the benchmarked multi-modal models listed in Table 3.4. The selected scenario
corresponds to Figure 3.7, which already showcases answers from Motion-LLaVA. Addi-
tionally, we provide results for both the Non-Fine-tuned (i.e., off-the-shelf) and Fine-tuned
LLaVA models, both using BEV plots as vision input.

For the Non-Fine-tuned LLaVA, we perform prompt engineering to make the answers
coherent. However, the low GPT scores indicate that it remains challenging for LLaVA to
directly comprehend the scenario:

• Q: Can you describe the type of intersection present in the current driving scenario?
A: The type of intersection present in the current driving scenario is a four-way inter-
section.
GPT Score: 0. Incorrectly identifies the type of intersection.

• Q: What is the ego agent’s current motion status?
A: The ego agent is currently stopped at the intersection.
GPT Score: 0. Incorrectly describes the motion status of the ego agent.

• Q: Where is surrounding agent #5 in relation to the ego agent?
A: Surrounding agent #5 is located to the right of the ego agent.
GPT Score: 0. Incorrect location of surrounding agent #5 in relation to the ego
agent.

• Q: What kind of interaction will occur between the ego agent and surrounding agent
#5?
A: The ego agent will pass by the surrounding agent #5 at the intersection.
GPT Score: 0. Incorrect prediction of the interaction between the ego agent and
surrounding agent #5.

Quantitatively, the Non-Fine-tuned LLaVA achieves a remarkably low GPT Score of
2.31 across all questions in the validation set, demonstrating difficulty in understanding the
driving scenarios based solely on the prior knowledge of the Vision-Language Model (VLM).
For comparison, we evaluate the performance of the Fine-tuned LLaVA with vision input
under the same scenario. The fine-tuned model achieves much more reasonable results, as
illustrated below:

• Q: Can you describe the type of intersection present in the current driving scenario?
A: The intersection is a 3 way intersection.
GPT Score: 10. The student’s answer matches the correct answer exactly.
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• Q: What is the ego agent’s current motion status?
A: The ego agent is accelerating.
GPT Score: 10. The student’s answer matches the correct answer exactly.

• Q: Where is surrounding agent #5 in relation to the ego agent?
A: It is 14 meters on the right and 10 meters in front of the ego agent.
GPT Score: 0. The student’s answer incorrectly describes the position of surrounding
agent #5.

• Q: What kind of interaction will occur between the ego agent and surrounding agent
#5?
A: Surrounding agent #5 will follow the ego agent as they are both heading towards
the intersection and are on the same side.
GPT Score: 5. The student’s answer is partially correct but does not specify that
agent #5 is behind the ego agent.

The results indicate that fine-tuning significantly improves LLaVA’s ability to interpret
driving scenarios. This improvement can be attributed to the inclusion of our WOMD-
Reasoning dataset. However, despite these enhancements, notable under-performance per-
sists in questions related to Other Agent Status and Interaction & Intention, especially
when compared to the results in Figure 3.7, which are generated using Motion-LLaVA. We
attribute this limitation to potential information loss during the conversion of vectorized
motion data into a BEV plot with a scalar bar.

A.7 Additional Baseline Language Models on
WOMD-Reasoning

Our main results in Table 3.4 primarily evaluate different variants of LLaVA [113] to demon-
strate the effectiveness of WOMD-Reasoning. For clarity, we explain the categories of ques-
tions assessed. The questions are grouped into two main types: factual questions and inter-
action reasoning questions.

• Factual questions:

– Environment-related: Questions about the scenario environment, such as the
existence and type of intersections, the number of lanes on the ego vehicle’s side,
and the presence or location of crosswalks and stop signs.

– Ego agent-related: Questions regarding the ego vehicle’s properties, including
speed, motion status, lane position, and direction.

– Surrounding agents-related: Questions about other agents in the scenario,
covering their type, speed, motion status, and position relative to the ego vehicle
and the intersection.
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• Interaction reasoning questions:

– Questions about the interactions that will occur between each surrounding agent
and the ego agent.

– Questions about the overall intention of the ego agent in the given scenario.

We further evaluate additional language models (LMs) to confirm the effectiveness of
WOMD-Reasoning. Specifically, we assess the answer quality of several baseline models,
including LLaMA-Adapter v2.1 [49], VITA-1.5 [44], and Qwen2.5-VL [7] (all 7B versions),
both before and after fine-tuning on WOMD-Reasoning. The results are summarized in
Table A.7.

We observe that without fine-tuning, all models can hardly answer driving-related ques-
tions, supporting the motivation of building WOMD-Reasoning. We then fine-tune LLaMA-
Adapter on WOMD-Reasoning, which also significantly benefit from the fine-tuning. Besides,
we find that fine-tuned our Motion-LLaVA works better than fine-tuned LLaVA or LLaMA-
adapter, proving its well-designed structure in utilizing WOMD-Reasoning information.

Table A.7: Additional language model baselines evaluated on WOMD-Reasoning. We report
the answer quality of several vanilla and WOMD-Reasoning-fine-tuned models, including
LLaMA-Adapter, ViTA, and Qwen2.5-VL (all 7B versions), to further validate the effective-
ness of WOMD-Reasoning.

Model Fine-tuned on WOMD-Reasoning ROUGE (↑) BLEU (↑) METEOR (↑) CIDEr (↑) SPICE (↑) GPT Score (↑)

LLaVA ✗ 0.512 0.211 0.275 1.36 0.455 2.31
LLaMA-Adapter v2.1 ✗ 0.413 0.174 0.235 0.91 0.372 1.62
ViTA-1.5 ✗ 0.278 0.121 0.190 0.40 0.227 1.77
Qwen2.5-VL ✗ 0.384 0.156 0.247 0.62 0.379 2.36

LLaVA ✓ 0.779 0.581 0.439 5.51 0.735 6.88
LLaMA-Adapter v2.1 ✓ 0.722 0.470 0.375 4.72 0.691 5.14
Motion-LLaVA (Ours) ✓ 0.792 0.616 0.449 5.69 0.744 7.02

A.8 Example Aggregated Context for Chain-of-Thought
Reasoning

We present an example of an aggregated context, derived from the answers generated
by Motion-LLaVA for factual questions, which is used by Motion-LLaVA to infer answers
to reasoning-based questions. This context corresponds to the CoT configuration in Table
A.8:

The ego agent is turning left. Its current speed is 5 m/s. It is accelerating.
Surrounding agent #7 is a vehicle. It is 26 meters on the left of the ego agent and 8

meters in front. It is heading right of the ego agent. Its current speed is 3 m/s. It is
decelerating.
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The blue and orange sections contain answers to questions appearing in WOMD-Reasoning:
blue addresses the Road Environment and Ego Agent Status, while orange covers Other
Agent Status.

To generate this context, we prompt the Motion-LLaVA model with relevant questions
and then concatenate the answers to create a complete context.

A.9 Example Factual Description Context for
Chain-of-Thought Reasoning

We provide an example of a factual description context, generated using our motion data
translation program as part of constructing WOMD-Reasoning, as described in Appendix
A.1.1. This context is used by Motion-LLaVA to infer answers to reasoning-based questions
and corresponds to the CoT w/ Facts Contexts configuration in Table A.8. Notably,
these contexts exclude future information compared to the translated motion data, thereby
avoiding any information leakage:

The ego agent is in intersection. The intersection center is 6.0 meters in front of
the ego agent, and is 0.0 meters on the left of the ego agent. The intersection is
a 4 way intersection. It is turning left. It is exiting the intersection. Its current
speed is 3 m/s. It is accelerating. Traffic Light for the ego agent is green. The
ego agent is approaching a crosswalk 3 meters ahead.

Surrounding agent #7 is a vehicle. It is 26 meters on the left of the ego agent,
and is 8 meters in front of the ego agent. It is heading right of the ego agent. Its
current speed is 4 m/s. It is decelerating. It is heading towards the intersection.
It is on the left of the intersection. Traffic Light for it is red 14.5 meters ahead.
It is 26 meters away from the intersection center. It is approaching a crosswalk
4 meters ahead.

Similar to the aggregated context in Appendix A.8, the blue and orange sections contain
answers to questions appearing in WOMD-Reasoning: blue addresses the Road Environment
and Ego Agent Status, while orange covers Other Agent Status.

A.10 Ablations on Motion-LLaVA
Chain-of-Thought Inference. To address the hallucinated response problem [46, 176, 159]
in reasoning interactions, we use a Chain-of-Thought (CoT) approach to provide Motion-
LLaVA with structured context for more accurate reasoning. Table A.8 compares model
performance with and without CoT on interaction and intention analysis. We see that with
CoT, the model performs better in GPT Scores. We further show that if our motion data
translation program A.1.1 is used during inference to provide contexts, i.e., with factual
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Table A.8: Effects of CoT in answering reasoning-related questions.

Reasoning
Inference
Method

ROUGE
(↑)

BLEU
(↑)

METEOR
(↑)

CIDEr
(↑)

SPICE
(↑)

GPT Score
(↑)

Direct 0.616 0.474 0.365 2.54 0.578 6.59
CoT 0.614 0.474 0.366 2.52 0.571 6.76

CoT w/
Facts Contexts 0.664 0.542 0.403 3.10 0.631 7.64

Table A.9: Benefits of using pre-trained motion vector encoder for fine-tuning multi-modal
models on WOMD-Reasoning for factual Q&As.

Motion Vector Encoder
Pre-training ROUGE (↑) BLEU (↑) METEOR (↑) CIDEr (↑) SPICE (↑) Acc1.0 (↑) Median Error(↓) GPT Score (↑)

None 0.814 0.684 0.491 5.95 0.774 30.0% 2.00 6.79
Motion Caption 0.824 0.711 0.498 6.05 0.775 42.6% 2.24 6.97
AutoEncoder 0.837 0.727 0.516 6.35 0.803 47.3% 1.41 7.07

Motion Prediction (Ours) 0.840 0.736 0.516 6.35 0.794 56.2% 1.00 7.09

description context (an example can be found in Appendix A.9) and CoT, the performance
can be significantly improved, proving the potential of the CoT inference strategy.
Influence of Pre-training for the Motion Vector Encoder. To establish a pre-training
strategy for the motion vector encoder, we examine factual question answering across Motion-
LLaVA with four pre-training configurations: no pre-training, autoencoder-style pre-training,
motion-caption pre-training [20], and pre-training with a motion prediction task. All config-
urations shared the same encoder structure. In the motion-caption pre-training, we pre-train
all but LLM weights in Motion-LLaVA, by penalizing errors in captioning the motion. For
autoencoder-style pre-training and pre-training with a motion prediction task, we retain only
the encoder after pre-training, to function as the motion vector encoder for Motion-LLaVA.

The performances of models with these pre-training settings are presented in Table A.9.
Generally, pre-training motion vector encoders can improve the response quality. Specifi-
cally, pre-training with motion prediction tasks outperforms the other two approaches. We
attribute this to the close alignment between WOMD-Reasoning’s question categories and
the information needed in motion prediction tasks. As a result, pre-training with the motion
prediction task achieves the highest GPT Score and overall accuracy, especially in numerical
precision reflected by Acc1.0.
Motion-LLaVA Fine-tuning Strategy. The original LLaVA [113] training pipeline con-
sists of two stages: a projector alignment stage (also known as pre-training) to align vision
and language features, followed by a fine-tuning stage to enhance instruction-following ca-
pabilities. Throughout this process, the vision encoder remains frozen. Since our Motion-
LLaVA builds on the architecture of the original LLaVA [113], it seems reasonable to adopt
a similar training approach for the WOMD-Reasoning task.
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Table A.10: Refinement of Motion-LLaVA training strategy.

Multi-modal
Fine-tuning

Strategy

Projector
Alignment

Encoder
Freezing

ROUGE
(↑)

BLEU
(↑)

METEOR
(↑)

CIDEr
(↑)

SPICE
(↑)

Acc1.0
(↑)

Median
(↓)

GPT Score
(↑)

LLaVA ✓ ✓ 0.821 0.678 0.484 5.82 0.771 2.3% 12.00 6.17
− Projector Alignment ✗ ✓ 0.821 0.697 0.492 5.96 0.782 2.3% 8.06 6.49

− Encoder Freezing (Ours) ✗ ✗ 0.840 0.736 0.516 6.35 0.794 56.2% 1.00 7.09

Table A.11: Performance of Motion-LLaVA with different WOMD-Reasoning dataset sizes on
factual and interaction reasoning questions. Results confirm the data efficiency of WOMD-
Reasoning in improving driving-related reasoning.

Dataset Size Factual Questions Interaction Reasoning Questions
ROUGE BLEU METEOR CIDEr SPICE GPT ROUGE BLEU METEOR CIDEr SPICE GPT

0.5M 0.806 0.683 0.477 5.77 0.760 6.69 0.562 0.410 0.339 1.94 0.513 5.67
1M 0.818 0.701 0.491 5.90 0.773 6.74 0.589 0.447 0.354 2.23 0.547 6.36
3M 0.840 0.736 0.516 6.35 0.794 7.09 0.614 0.474 0.366 2.52 0.571 6.76

However, based on extensive experiments with fine-tuning strategies in Table A.10, we
find that incorporating projector alignment stage or keeping the motion vector encoder frozen
throughout, which are practices employed in LLaVA [113], resulted in degraded performance
on WOMD-Reasoning. Consequently, our Motion-LLaVA adopts a single-stage fine-tuning
approach, where the motion vector encoder is unfrozen.

A.11 WOMD-Reasoning Dataset Efficiency Analysis
To assess the data efficiency of WOMD-Reasoning, we conduct scaling studies to analyze
how model performance improves as the used dataset’s size increases, from 0.5M to 1M and
up to 3M Q&A pairs (full dataset).

In Table A.11, we find that with more WOMD-Reasoning data involved, the fine-tuned
model first gains the ability to answer factual questions, which hits a good GPT score
with only 0.5M data. As the dataset grows, the model gradually learns to answer interaction
reasoning questions. These justify the size of WOMD-Reasoning, as well as its data efficiency
in helping models to answer hierarchical driving-related questions.
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Appendix B

Appendix for Immiscible Diffusion:
Accelerating Diffusion Training with
Noise Assignmen

B.1 Additional Experiment Results

B.1.1 Quantitative Training Efficiency Improvements for
Immiscible Consistency Model

Table B.1: Immiscible Diffusion boosts training efficiency for Consistency Model on CIFAR-
10 dataset.

FID threshold 12.00 11.00 10.00

Training Steps (k) for Baseline Consistency Model 290 450 >800
Training Steps (k) for Immiscible Consistency Model 110 140 190

B.1.2 Quantitative FID Improvements for Immiscible DDIM with
Different Inference Steps.

B.1.3 Ablation on the Distance Measurement Methods in Noise
Assignment.

We use the L2 norm for our experiments. However, we note that the L2 norm may face
more challenges in distance evaluation in high-dimensional spaces compared to the L1 norm.
Therefore, we compare the performance of immiscible DDIMs using assignments based on
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Table B.2: FID improvements of Immiscible DDIM with different inference steps

Inference Steps 1000 500 100 50 20

FID with baseline DDIM 3.82 3.91 5.2 6.63 10.03
FID with Immiscible DDIM 3.67 3.74 4.32 5.14 7.46

∆FID -0.15 -0.17 -0.88 -1.49 -2.57

the L1 and L2 norms. The results, as illustrated in Tab. B.3, show that using the L2 norm
provides better performance than the L1 norm.

Table B.3: FID of using L1 or L2 norm for noise assignment in immiscible DDIM on CIFAR-
10.

Training Steps (k) 70.2 93.6 117.0 140.4 163.8

DDIM 6.30 5.56 4.86 4.34 4.12
Immiscible DDIM using L2 Norm 5.28 4.56 4.13 3.81 3.70
Immiscible DDIM using L1 Norm 5.34 4.66 4.16 3.87 3.82

B.1.4 Ablation on the Batch Size on Immiscible DDIM.

The effectiveness of image-noise assignment can intuitively rely on the batch size. Therefore,
we perform a comparison to see the effectiveness of Immiscible Diffusion on DDIM across a
selected range of batch sizes, whose result is shown in Fig. B.1. We observe that while larger
batch sizes consistently accelerate the training as expected, its training efficiency enhance-
ment is not as large as that from Immiscible Diffusion. Immiscible Diffusions continously
improve the training efficiency and the performance in the whole selected range of batch
sizes.
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Figure B.1: Effectiveness of Immiscible DDIM in a selected range of batch sizes.
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B.2 Qualitative Evaluations of Immiscible Diffusion

B.2.1 Generated images from immiscible and baseline Consistency
Models trained on CIFAR-10 (Top) and CelebA (Down)
with the same training steps.

Figure B.2: Qualitative comparison for Immiscible and baseline Consistency
Model. We show images generated with the two models trained for 100k steps respec-
tively. Compared to baseline method, immiscible models capture more details and more
features of objects.
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B.2.2 Generated images from immiscible and baseline Consistency
Models trained on CIFAR-10 Dataset for 100k steps
without cherry-picking.

Figure B.3: Generated images from baseline Consistency Models trained on CIFAR-10
Dataset for 100k steps without cherry-picking.
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Figure B.4: Generated images from immiscible Consistency Models trained on CIFAR-10
Dataset for 100k steps without cherry-picking.
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B.2.3 Generated images from immiscible and baseline Consistency
Models trained on CelebA Dataset for 100k steps without
cherry-picking.

Figure B.5: Generated images from baseline Consistency Models trained on CelebA Dataset
for 100k steps without cherry-picking.



APPENDIX B. APPENDIX FOR IMMISCIBLE DIFFUSION: ACCELERATING
DIFFUSION TRAINING WITH NOISE ASSIGNMEN 115

Figure B.6: Generated images from Immiscible Consistency Models trained on CelebA
Dataset for 100k steps without cherry-picking.



APPENDIX B. APPENDIX FOR IMMISCIBLE DIFFUSION: ACCELERATING
DIFFUSION TRAINING WITH NOISE ASSIGNMEN 116

B.2.4 Generated images from immiscible and baseline stable
diffusion models trained unconditionally on 10% ImageNet
for 70k steps.

Figure B.7: Images generated by immiscible and baseline Stable Diffusion trained
unconditionally on ImageNet for 70k steps. We see that the Immiscible Stable Diffu-
sion presents more reasonable modal and catch more general features and details.
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B.2.5 Generated images from immiscible and baseline stable
diffusion models trained unconditionally on 10% ImageNet
Dataset for 70k steps without cherry-picking.

Figure B.8: Generated images from immiscible and baseline stable diffusion models trained
unconditionally on 10% ImageNet Dataset for 70k steps without cherry-picking
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B.2.6 Generated images from immiscible and baseline stable
diffusion models trained conditionally on ImageNet Dataset
for 20k steps.

Immiscible 

Stable Diffusion

Stable Diffusion

Figure B.9: Generated images from immiscible and baseline stable diffusion models trained
conditionally on ImageNet Dataset for 20k steps.
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Appendix C

Appendix for Improved Immiscible
Diffusion: Accelerate Diffusion Training
by Reducing Its Miscibility

C.1 Experiment Setup Details

Table C.1: Image Generation Experiment setting.

Model Consistency Model DDIM Flow Matching Stable Diffusion
Class-conditional

Stable Diffusion
Conditional

Stable Diffusion
Fine-tuning

Dataset CIFAR-10 CIFAR-10 CIFAR-10 ImageNet MS-COCO ImageNet
Batch Size 512 256 256 2048 2048 512
Resolution 32× 32 32× 32 32× 32 256× 256 256× 256 256× 256

Devices 4× A6000 1× A5000 1× A6000
8× A800 or
4× A6000

4× A6000 4× A6000

The training hyperparameter are listed in Table C.1. Unspecified hyper-parameters are
taken the same as those in their baseline methods’ original papers. For evaluations, we com-
pare the generated images by Immiscible Diffusion and the baseline using the quantitative
evaluation metric FID [63]. Note that for Consistency Models, we use the single-step gener-
ation consistency training. For DDIM, we add no noise during the sampling and use linear
scheduling to select sampling steps. For Stable Diffusion, we directly use the implementation
from Diffusers of Huggingface team [149]. For fine-tuning, we use Stable Diffusion v1.4 [149]
as the pre-trained model. Image in-painting and out-painting does not involve additional
training, and details on robotics plannings will be listed in the Section 5.4.5.
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C.2 Qualitative Comparisons of Image-to-image Tasks

Vanilla

Stable

Diffusion

Immiscible

Stable

Diffusion

In-Painting

Vanilla

Stable

Diffusion

Immiscible

Stable

Diffusion

Out-Painting

Figure C.1: Qualitative Illustration of Immiscible Diffusion in Image-to-image
Tasks. We notice that immiscible diffusion can better preserve existed information (i.e.
edge information in in-painting and center information in out-painting) so as to provide
better overall completed images.

C.3 Choice of k in the KNN implementation

Model DDIM Flow Matching Consistency Model Stable Diffusion
Dataset CIFAR-10 CIFAR-10 CIFAR-10 ImageNet-1k

Diffusion Dimension 3,072 3,072 3,072 4,096
Best k 8 4 4 64

L2 Dist. ∆ (%) -1.58% -1.10% -1.10% -2.32%

Table C.2: Best k′s in KNN Immiscible Diffusion Implementation.

We investigate the k values for different method and dataset pair, as shown in Table C.2.
We find that while the best k for the same dataset’s diffusion dimension is generally the
same, with small fluctuations observed, datasets with larger data dimension needs larger
k to provide stronger immiscibility. It is noteworthy that for each experiment, we only try
k = 1, 2, 4, 8, 16, 32, 64, 128, ... to save computational resources. Finer experiments with more
k’s will provide more precise results.

C.4 tSNE of Noise Point Clusters for Different Methods
The tSNE of noise point clusters for different methods is shown in Fig. C.2.
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Figure C.2: tSNE of noise clusters belonging respectively to vanilla, assign and
KNN DDIM.

Table C.3: Execution Time (ms) of Immiscible Diffusion on a single A5000 GPU.

Batch Size 128 256 512 1024

Linear Assignment [104] 5.4 6.7 8.8 22.8
KNN 0.2 0.2 0.3 0.7

tassign/tknn 27.0x 33.5x 29.3x 32.6x

C.5 Illustrations Comparing Immiscible Diffusion to
Other Common Methods

The illustrations comparing immiscible diffusion to other common methods are shown in
Fig. C.3

C.6 Execution Time of Immiscible Diffusion
We evaluate the execution time of two immiscible diffusion implementations: linear assign-
ment and KNN. As shown in Table C.3, we find that the KNN implementation is much faster
than the linear assignment implementation, demonstrating the efficiency of our proposed al-
ternative implementation to achieve immiscibility.
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Figure C.3: Comparison between Diffusion Models, Flow Matching and Immiscible Flow
Matching.
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