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Abstract

General-purpose robots capable of performing diverse manipulation tasks in
unstructured environments remain a long-standing goal in robotics. While
traditional imitation learning has succeeded in controlled settings, scaling
these methods to the open world requires learning from large, uncurated,
and heterogeneous datasets of "play” data. However, effective learning from
such data presents three fundamental challenges: the need to model highly
multimodal behavior distributions, the difficulty of learning from sparse
language annotations, and the computationally prohibitive cost of scaling
current policies towards foundation behavior models.

This thesis proposes novel data-driven methods to address these challenges
by combining expressive generative modeling with parameter-efficient ar-
chitectures and self-supervised learning. First, we introduce BESO, a novel
policy representation using score-based diffusion policy that captures the
multimodality of play data. We show that BESO outperforms prior policy
representations in expressivity and learning multimodal behavior. Second,
to address data with sparse language labels, we present MDT, a transformer-
based diffusion policy that leverages two self-supervised objectives to learn
from partially labeled datasets. By aligning latent goal-conditioned embed-
dings and introducing masked visual foresight, MDT enables robust language-
following behaviors despite sparse supervision.

Building on these expressive representations, we address the computational
bottleneck of scaling diffusion policies. We introduce MoDE, a Mixture-of-
Experts diffusion policy that utilizes a novel noise-conditioned routing mech-
anism to scale model capacity without increasing inference latency. Finally,
we unify these contributions in FLOWER, a compact Vision-Language-Action
(VLA) model. By employing intermediate-modality fusion and global action-
space conditioning, FLOWER achieves state-of-the-art performance across
190 tasks in 10 benchmarks. It matches the performance of 7B-parameter
models with less than 1B parameters and requires only 1% of the pretrain-
ing compute. Together, these contributions demonstrate that combining
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generative expressivity with architectural efficiency is key to democratizing
generalist robot policies.
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Zusammenfassung

Universell einsetzbare Roboter, die diverse Manipulationsaufgaben in un-
strukturierten Umgebungen ausfithren kénnen, bleiben ein langjéhriges Ziel
der Robotik. Wahrend traditionelles Imitationslernen in kontrollierten Um-
gebungen erfolgreich war, erfordert die Skalierung dieser Methoden fiir die
offene Welt das Lernen aus groflen, unkuratierten und heterogenen Datensat-
zen von “Play-Daten”. Effektives Lernen aus solchen Daten stellt jedoch drei
fundamentale Herausforderungen: die Notwendigkeit, hochgradig multimo-
dale Verhaltensverteilungen zu modellieren, die Schwierigkeit, aus wenigen
Sprachannotationen zu lernen, und die hohen Rechenkosten bei der Skalie-
rung aktueller Robotik-Policies hin zu Foundation-Modellen fiir generelles
Roboterverhalten.

Diese Arbeit schligt neuartige datengetriebene Methoden vor, um diese
Herausforderungen zu bewiltigen, indem sie expressive generative Model-
lierung mit parametereffizienten Architekturen und selbstiiberwachtem
Lernen kombiniert. Erstens fithren wir BESO ein, eine neuartige Policy-
Repriésentation basierend auf score-basierten Diffusionsmodellen, welche
die Multimodalitit von Play-Daten erfasst. Wir zeigen, dass BESO friihe-
re Policy-Reprisentationen hinsichtlich Expressivitit und dem Erlernen
multimodalen Verhaltens tibertrifft. Zweitens préasentieren wir MDT, eine
Transformer-basierte Diffusions-Policy, die das Problem fehlender Sprachan-
notationen adressiert. Durch die Nutzung zweier selbstiiberwachter Lernziele,
der Ausrichtung latenter, zielkonditionierter Modellrepréasentationen und
einer maskierten visuellen Zukunftsvorhersage (Masked Visual Foresight),
erlernt MDT robuste sprachgesteuerte Verhaltensweisen trotz nur teilweise
vorhandener sprachlicher Annotationen.

Aufbauend auf diesen expressiven Représentationen adressieren wir die rech-
nerischen Limitierungen bei der Skalierung von Diffusions-Policies. Wir
fithren MoDE ein, eine Mixture-of-Experts-Diffusions-Policy, die einen neu-
artigen rauschkonditionierten Routing-Mechanismus nutzt, um die Modellka-
pazitit zu skalieren, ohne die Inferenzlatenz zu erhéhen. Schliellich vereinen
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Zusammenfassung

wir alle diese Beitrdge in FLOWER, einem kompakten Vision-Language-
Action-Modell (VLA). Durch den Einsatz von Intermediate-Modality-Fusion
und globaler Aktionsraum-Konditionierung erzielt FLOWER State-of-the-
Art-Leistung in 190 Aufgaben iiber 10 Benchmarks hinweg. Es erreicht die
Leistung von 7B-Parameter-Modellen mit weniger als einer Milliarde Para-
metern und benétigt lediglich 1% des Rechenaufwands fiir das Pretraining.

Zusammenfassend zeigen diese Beitrage, dass die Kombination aus generati-
ver Expressivitit und architektonischer Effizienz der Schliissel zur Demokra-
tisierung generalistischer Roboter-Policies ist.
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1. Introduction

Imagine commanding a robot: “The dishwasher is finished, can you empty it?”
and watching it open the door, retrieve each item, and place it in the correct
cabinet. This capability of understanding free-form language, perceiving
cluttered environments and executing long-horizon sequences of precise
manipulations, would transform manufacturing, surgery, and elderly care.
Yet, despite decades of robot progress, it remains an unsolved challenge. Not
because robots lack the hardware for the required dexterity, but because we
lack methods for teaching robots to acquire these skills autonomously.

The fundamental barrier to achieving these general-purpose robots is versatile
manipulation. The pre-programmed and rigid methods used in industry
are brittle; they fail immediately when faced with novel objects or unseen
setups. Learning-based methods are essential to achieving this goal. The
most commonly used learning-based paradigms are Reinforcement Learning
(RL) [192] and Imitation Learning (IL) [169]. IL [169] is particularly promising:
it bypasses the exploration and sample-efficiency problems of RL by learning
directly from expert demonstrations. Crucially, its reliance on demonstration
data positions it to benefit from the large-scale data that have revolutionized

other fields.

Learning from large-scale data has resulted in breakthroughs in image gen-
eration [166] and text generation [194]. This scaling of data has yielded
remarkable capabilities on challenging tasks like in-context reasoning [205,
204], mathematical problem solving [175], and synthesizing realistic images
or videos from text [13, 201]. This success suggests a path forward for robot
learning: data-centric approaches can achieve similar emergent capabilities
for versatile manipulation policies.

However, robotics faces a unique constraint: the robot data gap. Collecting
data for text and images is easy and scalable, whereas generating high-quality
robot data is difficult [7]. Only a few large-scale robot datasets exist, and
every local robot workstation differs in camera placement, lighting, and
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general layout. Furthermore, different robots prefer different action spaces
and frequencies [222, 28], and collecting demonstrations requires resets after
every task completion. This bottleneck renders traditional IL approaches
inapplicable and requires a more efficient data collection paradigm. Human
skill acquisition offers a useful analogy.

Consider how humans learn manipulation: A child does not practice grasping
thousands of red mugs in the same tabletop setup before generalizing to a
green mug. Instead, children learn dexterous manipulation by playfully inter-
acting with diverse objects and transferring this knowledge across categories.
The standard IL data collection paradigm is the opposite: narrow, unimodal
task repetition rather than behavioral diversity. Overcoming this limita-
tion and scaling IL towards versatile robots requires better data collection
paradigms.

Learning from Play (LfP) [119, 130] offers a solution to these challenges.
LfP instructs data collectors to play freely with all available objects, rather
than focusing on a single task. This task-agnostic scheme streamlines data
collection by eliminating manual environment resets, which accelerates the
acquisition of diverse behavioral data. Recent open-source efforts such as
Open-X-Embodiment (OXE) [30] and DROID [85] used this approach to
provide diverse, cross-embodiment data.

However, LfP introduces new challenges for the policies. Play data is highly
multimodal (humans solve tasks in many ways) and contains long-horizon
behaviors without clear segmentation. L{P is faster and easier to collect, but
necessary language annotations require substantial manual work with post-
hoc annotation and segmentation. Thus, existing LfP datasets often contain
only partial labels for learning language-conditioned behaviors [117, 130]. To
build generalist agents from play, we require novel policy architectures that
are expressive, data-efficient, and computationally tractable.

1.1. Chapter Overview and Contributions

This thesis addresses three fundamental challenges:

C1: Policy Expressivity for Multimodal Behavior. The first challenge is
finding a policy representation that can learn effectively from diverse play
data. Human demonstrations contain many valid ways to solve a task, yet
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Figure 1.1.: Overview of the research questions and contributions of the thesis.

existing policy representations fail to capture this diversity: continuous heads
average out behaviors, discrete tokenizers lack precision, and Energy-based
Models (EBMs) [97] can be difficult to train [47].

C2: Learning from Heterogeneous, Partially-Labeled Play Data. The
second major challenge concerns data efficiency. Scaling policies requires
data from diverse embodiments and action spaces. It cannot rely solely on
expensive, fully-annotated language labels to learn free-form instruction
following. This necessitates methods that can efficiently learn from sparse
language labels by also leveraging other available modalities, such as goal
images, to achieve robust instruction following. In addition, efficient learning
from different robot embodiments requires architectures that can handle
heterogeneous data at scale.

C3: Computational Efficiency for Training and Deployment. The
final challenge is practicality. Current state-of-the-art foundation models in
robotics are computationally demanding (high FLOPs and parameters) for
widespread access and real-time training and deployment. Established Vision-
Language-Action-Models (VLAs) like OpenVLA [89] have 7B+ parameters
and require several thousand hours of GPU training. This creates significant
entry barriers for many researchers and necessitates research towards more
efficient foundation models that achieve similar results with less compute. In
addition, inference of foundation models for robotics is often limited by real-
time constraints for dynamic manipulation. Therefore, we need methods that
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enable the benefits of data-driven scaling while running fast on commodity
hardware.

Chapter 2 establishes the theoretical background and introduces the bench-
marks used for evaluation. The following chapters present our main contri-
butions:

Chapter 3 addresses C1 by introducing BESO, a score-based diffusion policy.
At the start of this research (2022-2023), existing policy representations
for IL did not meet all requirements for learning from uncurated play data.
Discrete action representations lack expressiveness, while continuous heads
are not multimodal. BESO solves this by learning the score function of
the action distribution. It surpasses all prior policies in expressivity and
scaling, achieving state-of-the-art results across all data regimes. We further
ablate crucial diffusion design decisions to enable fast inference in just three
denoising steps.

Chapter 4 addresses C2 with MDT. While BESO established the diffusion
backbone, it relied on unimodal goal definitions and cannot handle sparse
language labels. MDT overcomes this limitation by aligning latent goal-
conditioned representations across modalities through two auxiliary objec-
tives: CLA, which uses contrastive learning to align goal-conditioned state
representations, and MGF, which reconstructs masked future frames via
a small auxiliary network. We evaluate these objectives across 184 tasks
(164 simulated and 20 real-world tasks) and find improvements on several
benchmarks without increasing inference cost.

With expressive and multimodal goal-following policies established, the pri-
mary bottleneck becomes computational efficiency (C3). Chapter 5 intro-
duces MoDE, the first Mixture-of-Experts (MoE) diffusion policy, featuring
a novel noise-conditioned routing strategy that learns specialist experts for
different noise ranges. This design enables efficient expert caching and faster
inference than dense transformers while using only half the active parameters.
Pretrained on a large-scale robot-agnostic play dataset with limited compute,
MOoDE achieves State-of-The-Art (SoTA) performance on LIBERO [110] and
CALVIN [130].

Finally, Chapter 6 presents FLOWER, a compact, generalist VLA policy.
Building upon our previous chapters, FLOWER tackles all proposed challenges
(C1-C3) in a unified and efficient design. We introduce intermediate fusion
to bridge the gap between pretrained Vision-Language-Models (VLMs) and
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flow-based action generation. Pretrained on a cross-embodiment play dataset
in just 200 GPU hours, FLOWER achieves SoTA performance across 190 tasks
in 10 benchmarks. Our efficient design democratizes the training and usage
of VLAs for a wide range of researchers and users.

Chapter 7 summarizes the contributions from previous chapters and dis-
cusses remaining limitations and future directions for data-driven imitation
learning.

1.2. Published Papers

Below we provide an overview of all published and peer-reviewed papers
that are the foundation for the contributions for this thesis:

« Chapter 3 (BESO): Goal Conditioned Imitation Learning using Score-
based Diffusion Policies [162]. Moritz Reuss, Maximilian Li, Xiaogang
Jia, and Rudolf Lioutikov. In Robotics: Science and Systems (RSS), 2023.

« Chapter 4 (MDT): Multimodal Diffusion Transformer: Learning Ver-
satile Behavior from Multimodal Goals [163]. Moritz Reuss, Omer
Erdin¢ Yagmurlu, Fabian Wenzel, and Rudolf Lioutikov. In Robotics:
Science and Systems (RSS), 2024.

« Chapter 5 (MoDE): Efficient Diffusion Transformer Policies with Mix-
ture of Expert Denoisers for Multitask Learning [160]. Moritz Reuss,
Jyothish Pari, Pulkit Agrawal, and Rudolf Lioutikov. In International
Conference on Learning Representations (ICLR), 2025.

+ Chapter 6 (FLOWER): FLOWER: Democratizing Generalist Robot Poli-
cies with Efficient Vision-Language-Flow Models [161]. Moritz Reuss,
Hongyi Zhou, Marcel Rithle, Omer Erding Yagmurlu, Fabian Otto, and
Rudolf Lioutikov. In 9th Annual Conference on Robot Learning (CoRL),
2025.

The following publications, which we co-authored during our dissertation,
explore related topics such as novel action representations and 3D perception
but are not presented as main chapters:



1. Introduction

NaviTrace: Evaluating Embodied Navigation of Vision-Language Mod-
els [207]. Tim Windecker, Manthan Patel, Moritz Reuss, Richard
Schwarzkopf, Cesar Cadena, Rudolf Lioutikov, Marco Hutter, and
Jonas Frey. In IEEE International Conference on Robotics and Automa-
tion (ICRA), 2026.

BEAST: Efficient Tokenization of B-Splines Encoded Action Sequences
for Imitation Learning [224]. Hongyi Zhou, Weiran Liao, Xi Huang,
Yucheng Tang, Fabian Otto, Xiaogang Jia, Xinkai Jiang, Simon Hilber,
Ge Li, Qian Wang, Omer Erdin¢ Yagmurlu, Nils Blank, Moritz Reuss,
and Rudolf Lioutikov. In The Thirty-ninth Annual Conference on Neural
Information Processing Systems (NeurIPS), 2025.

PointMapPolicy: Structured Point Cloud Processing for Multi-Modal Im-
itation Learning [77]. Xiaogang Jia, Qian Wang, Anrui Wang, Han
A. Wang, Balazs Gyenes, Emiliyan Gospodinov, Xinkai Jiang, Ge Li,
Hongyi Zhou, Weiran Liao, Xi Huang, Maximilian Beck, Moritz Reuss,
Rudolf Lioutikov, and Gerhard Neumann. In The Thirty-ninth Annual
Conference on Neural Information Processing Systems (NeurIPS), 2025.

Scaling Robot Policy Learning via Zero-Shot Labeling with Foundation
Models [14]. Nils Blank, Moritz Reuss, Marcel Rithle, Omer Erding
Yagmurlu, Fabian Wenzel, Oier Mees, and Rudolf Lioutikov. In 8th
Annual Conference on Robot Learning (CoRL), 2024.

Towards Diverse Behaviors: A Benchmark for Imitation Learning with
Human Demonstrations [78]. Xiaogang Jia, Denis Blessing, Xinkai Jiang,
Moritz Reuss, Atalay Donat, Rudolf Lioutikov, and Gerhard Neumann.
In The Twelfth International Conference on Learning Representations
(ICLR), 2024.

Information Maximizing Curriculum: A Curriculum-Based Approach for
Learning Versatile Skills [15]. Denis Blessing, Onur Celik, Xiaogang
Jia, Moritz Reuss, Maximilian Xiling Li, Rudolf Lioutikov, and Ger-
hard Neumann. In Thirty-seventh Conference on Neural Information
Processing Systems (NeurIPS), 2023.



2. Preliminaries

This chapter covers core concepts in robot learning and generative models
required to understand the contributions in the following chapters. We begin
with generative models with an emphasis on score-based diffusion models (the
basis for BESO, MDT and MoDE) and flow matching (the basis for FLOWER).
Next, we cover the Transformer architecture, from its core concepts like
attention to relevant foundation models like VLMs. Finally, we formalize
imitation learning and describe the benchmarks used for evaluation.

This dissertation uses two temporal indices: i for discrete timesteps within
a robot trajectory, and t for continuous time in the diffusion process. We
define a; as an action at timestep i of a trajectory and o; as the noise level at
diffusion time t. Thus, a;; refers to a noisy version of action a; at diffusion
time t.

For clarity in later chapters, we often omit indices when context is unam-
biguous. Action chunks a;.;+f—; and observation histories s;_j41.; are written
simply as a and s when the horizon H and history length h are fixed within a
section.

2.1. Deep Generative Models

Deep Generative Models (DGMs) are a class of neural networks trained to
estimate the probability distribution over a high-dimensional dataset (e.g.,
videos, text or behaviors). By approximating this distribution during training,
they are able to synthesize new samples from the data at test time. We define
the data distribution as pqata and the model distribution as pg. Given a dataset,
we optimize 6 by gradient descent using a loss function that measures how
different our learned py is compared to pqata.
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Figure 2.1.: Overview of core Deep Generative Models and their mathematical
relationships. Top-Left: Energy-Based Models (EBMs) define probability via an
energy function Eg(x) but suffer from an intractable partition function Zy. Top-Right:
Score-Based Models (NCSM) bypass Zy by learning the score function Vy log p(x)
via denoising score matching across multiple discrete noise levels. Bottom-Left:
Diffusion Models generalize score matching to continuous time ¢ € [0,T] using
Stochastic Differential Equations (SDEs). This framework serves as the foundation
for the BESO, MDT, and MoDE methods discussed in this thesis. Bottom-Right:
Rectified Flow Models simplify the generative process by learning a velocity field
vp that follows straight paths between data and noise, serving as the foundation for
FLOWER.

Figure 2.1 provides an overview of the core generative models discussed
in this section and their relevance for the following chapters. The most
influential ones in the literature are: Autoregressive Models (AR) [196, 94],
Generative Adversarial Networks (GANs) [54], Diffusion Models [66, 188,
183], and Variational Autoencoders (VAEs) [91]. All of these families exhibit
trade-offs between generation speed, tractability, and expressiveness.
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The following subsections trace a conceptual path from energy-based models
to the score-based diffusion and flow matching frameworks that underpin
our methods. We begin with EBMs, which provide a flexible way to define
probability densities but suffer from an intractable normalization constant.
This limitation motivates score-based models, which sidestep normalization
by learning the gradient of the log-density instead. We then show how
diffusion models extend score matching to a continuous-time framework, and
conclude with flow matching—a recently proposed alternative that learns
straighter generative trajectories.

2.1.1. Energy-based Models

EBMs are a type of DGM which learn to define a probability density using
an energy function Eg(x). The energy function Eg(x) assigns low energy
to likely data configurations and high energy to others [97]. EBMs define a
distribution by:

_ exp(—Ep(x))
= Z,

Zy = ./RD exp(—Eg(x)) dx (2.2)

po(x) (2.1)

where Zjy is the partition function, which guarantees normalization of the
learned probability density /]RD po(x)dx = 1.

Training EBMs via maximum likelihood is challenging because the parti-
tion function, Zy, is intractable. This necessitates approximations, such as
contrastive objectives relying on Monte Carlo methods (often referred to
as negative sampling), which are frequently unstable and computationally
expensive [47].

Given these challenges with training dynamics, another type of EBM training
emerged which tries to avoid computing the normalizing constant: score
matching. The score function of EBMs is independent of the partition function
Zp and is used in many applications like Langevin Dynamics.

V. log pa(x) = Vi (log exp(—Eq(x)) — log Zp) (2.3)
=V (—Eg(x) —log Zp) (2.4)
= -V, Ep(x). (2.5)
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This insight is the foundation for score-based generative models, which learn
the score function directly instead of modeling the energy Eg and estimating
Zy.

2.1.2. Score-based Generative Models

Every density pdata(x) has a corresponding score function, which is the
gradient of the log-density that points towards regions with higher density:

s(x) = Vylogp(x), where s:RP — RP. (2.6)

The primary advantage of modeling the score is that it bypasses the need to
compute the intractable partition function Zy, as Vx log p(x) is independent of
this normalizing constant. This makes modeling the score equally expressive
as modeling the density itself [93].

Score-based models are trained using the Fisher divergence objective [71]

Ep o [11Vx log p(x) = se(x)13], (2.7)

which compares the #,-distance between the data score and the learned score
model. However, this objective is infeasible because it requires the unknown
data score Vy log p(x). We can use a class of objectives called score matching
[71] which minimize the Fisher divergence without requiring the data score:

Lt =By [tr(Trs9 (30) + 2 lso ] 9)

This objective shares the same optimal minimizer as the intractable Fisher
Divergence objective, thereby achieving the same optimization goal. However,
it cannot be scaled towards deep neural networks, because it requires the trace
computation of the Jacobian, which scales quadratically with the dimension
of x (D?), becomes computationally prohibitive for high-dimensional data.

To avoid the expensive Jacobian trace computation, Denoising Score Match-
ing (DSM) was introduced [199]. The explicit score matching objective is
equivalent to training a model sg to do a simple denoising task. Given a
sample of X ~ pgata, We perturb x with a small amount of Gaussian noise
n ~ N(0,0%7) to get x. The updated Score Matching Objective becomes:

LM = Epya (08, o 150 (%) = Vi log po (X[x)] 7] (2.9)

10
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This updated target Vi log p,(X|x) is tractable for Gaussian Noise and sim-
plifies to —(x — x) /™.

Once a score-based model is trained, we can generate new samples using
Langevin dynamics:

Xn+1 = Xn + 150(Xn) + \20€0, €, ~ N(0, 1) (2.10)

in an iterative process starting at x¢. For suitable regularity conditions, this
converges to a sample from pgaia (x) for K — oo iterations and n — 0.

DSM introduces a general trade-off based on the choice of the noise level:
Small perturbations do not cover low-density regions of the data, and cor-
ruption with larger noise provides good estimates of score for low-density
regions while not being accurate for the high-density ones. This trade-off led
Song and Ermon [185] to propose a more robust approach: Noise-Conditional
Score Matching.

2.1.2.1. Noise-conditional Score Matching

The core idea of noise-conditional score matching is to perturb the data x
with multiple levels of Gaussian noise and learn a single noise-conditional
score model sg(x, k) to estimate the perturbed score of the density. These
multiple scales of noise combine the best of both variants: high noise to get
estimates of unknown scores in regions of low density and low noise levels
to get precise estimates of scores in regions of high density. The training
objective is:

L
> MR g 30, (0 1505 K) = Vs log poy (RIXIZ] (211)
k=1

A is a weighting function, often defined as A(k) = cfz. After training, we
can apply Langevin dynamics, starting with several steps at the highest k
noise level with larger step size, before decreasing k and repeating it until
we sample a few times at the smallest k with very small step sizes. The
resulting model [186] was able to achieve competitive results with GANs on
various high-dimensional datasets [185] for the first time and demonstrated
the potential of score-based models.

11
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However, there were still several issues with the framework: the number
of noise levels is a hyperparameter that is difficult to define and it was not
clear what the best schedule is. In addition, the sampling process using
Langevin Dynamics requires the same discrete noise levels for training. In-
stead of choosing these noise levels beforehand, Song et al. [188] proposed
the idea to generalize the model towards infinite noise levels instead by
using continuous time Stochastic Differential Equations (SDEs).

2.1.3. Continuous Time Score-based Diffusion Models

Score-based Diffusion Models (SDMs) are a class of generative model that
learn to generate new samples by approximating time reversal of a noising
process [188]. They are a generalization of noise-conditional score-matching
models, which learn effectively infinitely many levels of Gaussian Noise
with a single noise-conditioned score model sy(x,t). An SDE describes the
diffusion process as a continuous evolution from data pg,t, to noise pg:

dx; = f(x, 1) dt + g(t) dw, (2.12)

where f(x;,t) is the drift term and g(t) is the diffusion term and dw refers
to infinitesimal Gaussian noise. At every timestep t, the data sample x; is
deterministically moved by the drift term and randomly changed by the
diffusion term.

For every forward SDE there is a corresponding inverse SDE that describes
the process going from noise back to the data distribution:

dx = [£(x,1) — g(t)*Vy log p,(x)] dt + g(t)dw (2.13)

This equation depends on the score function Vy log p;(x) of the diffusion
process, which is learned during training using the denoising score matching
objective, discussed before.

Song et al. [188] demonstrated that every SDE has a corresponding Ordinary
Differential Equation (ODE), which describes the average probability density
at the timestep ¢:

dx = |f(x,t) - %g(t)zvx log p;(x) | dt (2.14)

12
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This ODE is the foundation for many fast solvers like DDIM [184], DPM-
solvers [115, 116] and follow-up generative models like Consistency Models
[187] and is also used in BESO for fast and expressive generation of actions.

There are two major perspectives on Diffusion Models: The score-based
perspective that describe the diffusion process using continuous time SDEs,
which we covered in detail and the probabilistic view inspired by VAE which
is commonly referred to as Denoising Diffusion Probabilistic Model (DDPM)
[66, 183] in the literature.

Song et al. [188] first provided a unified perspective on both variants using
the SDE formulation. They also showed that both training objectives are
conceptually the same except for a different scaling factor. Building on
these insights, Karras et al. [83] proposed a principled design for the SDE
components. One core insight was to use the noise level as the continuous
time variable of the diffusion process o; = f(t) = t. This idea simplifies the
denoising objective and results in simple and expressive ODE solvers that
achieved SoTA performance.

Further, Elucidating the Design Space of Diffusion-Based Generative Models
(EDM) introduces improved preconditioning for the neural network. SDMs
operate on a large range of noise values from 0.001 to 80. Learning a joint
model for this range is unstable given the wide range of predicted output
values. This is a consequence of ill-conditioning: at high noise levels around
80, the model must predict small ground truth values, which is challenging
while at low noise levels around 0.001, reconstruction is trivial. To address
this, EDM introduces input and output preconditioning coefficients:

Cakip(01) = 05410/ (Oaata + 07) (2.15)
Cout(at) = O.to'data/ oﬁata + Gl? (2-16)
cin(or) =1/ Oﬁata +0o? (2.17)
Cnoise (07) = 0.251In(oy) (2.18)

with 04ata being 0.5 by default. The full denoising model combines these
coefficients with a skip connection and a neural network Fy:

Dog(xz,01) = Cskip(o—t) Xy + cout(01) - Fo (cin(o—t) Xt cnoise(o—t)), (2.19)

where x; is the noisy input. The skip connection allows the model to inter-
polate between directly returning the noisy input (at low noise) and fully

13
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relying on the network prediction (at high noise). The preconditioning en-
sures that both the input to Fy and its output target remain at unit variance
across all noise levels, stabilizing training. This EDM framework is the direct
foundation for BESO (chapter 3), where x; corresponds to the noisy action
a;.

2.1.4. Flow Matching

While continuous-time diffusion models offer a powerful framework for gen-
erative modeling, their learned probability-flow ODE trajectories are highly
curved [187], making the score field challenging to learn. Flow Matching
addresses this by learning straight paths between data and noise [109, 3].

Instead of learning the score of a complex diffusion process, Flow Matching
learns a velocity field vg(z;, t) that transports samples along straight lines
from data z, to noise z; ~ N(0,1):

z; =(1—1t)zg +tz, te€]0,1]. (2.20)

Along these straight paths, the target velocity is constant: v(z;) = z; —zo. The
neural network vy (z;, t) is trained to match this velocity using the conditional
flow matching loss:

Lint =Bzt [llvo(ze. 1) — (21 — 20)113] - (2.21)

At inference, samples are generated by solving the learned ODE Z—‘; =vg(zs, 1)
with a simple Euler integrator:

Zi_ At =2t — At - U@(Z;, t), (222)

where At = % for N uniform steps from ¢ = 1 (noise) to t = 0 (data).

Flow Matching has become the de facto standard for generative modeling in
image generation [13], video generation [201], and robotics [11, 161], offering
faster convergence and simpler training than score-based diffusion [120].
FLOWER uses Flow Matching for action generation (chapter 6).

14
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2.1.5. Classifier-Free Guidance

Conditional generative models often struggle to strongly adhere to condition-
ing signals, particularly in high-dimensional settings like image generation
where the conditioning information can be diluted across many dimensions.
Classifier-Free Guidance (CFG) [67] addresses this by training a single model
capable of both conditional and unconditional generation.

During training, the conditioning signal c is randomly replaced with a null
token @ with probability pyncond € [0.1,0.2]. This dropout scheme teaches
the model to generate both pg(x|c) and pg(x) using the same parameters.

At inference, CFG composes both learned scores together to control the
goal-guidance:

Do(x¢, 01, ¢) = Do(%4, 04, D) + W - (D9 (x4, 04, ¢) — Do(x4, 03, @)), (2.23)

where w > 11is the guidance scale. Setting w = 1 recovers standard conditional
generation, while w > 1 amplifies the influence of the conditioning signal at
the cost of sample diversity. This formulation requires two forward passes
per denoising step which can be batched together for efficiency.

Chapter 3 explores CFG for score-based policies, enabling a single policy to
perform both goal-conditioned manipulation and undirected exploration.

2.2. Transformers and Foundation Models

In the prior section we summarized the core principles of DGM with a focus
on SDMs. In this section, we cover Transformers [198], the neural network
architecture that enables model scaling on large datasets. All IL policies used
in this thesis are built on a stack of transformer-based components. At the
core, all of these models use the same fundamental components: Attention,
feed-forward experts, position embeddings and normalization. Further, we
summarize the core types of Transformers including MoEs, an important
foundation for MoDE. Vision Transformers (ViTs) and CLIP are covered,
given their important role in encoding vision and language for policies like
MDT in chapter 4.

15
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Figure 2.2.: Detailed architecture of the Transformer model. Right: the full
Transformer consisting of L layers. Middle: the internal structure of a single resid-
ual Transformer block including normalization and MLP layers. Left: The specific
operations within the Self-Attention mechanism. The left panel explicitly highlights
the projection of Queries, Keys, and Values, along with optional components (dashed
lines) such as RMSNorm and RoPE.

2.2.1. Attention Mechanism

The attention part of a transformer layer is the core module for its success in
applications like language or action modeling. Figure 2.2 visualizes the full
attention computation with optional normalization and position embeddings.
Given a set of queries Q, keys K and value vectors V from an input sequence
x. We can compute the attention score as:

Attention(Q, K, V) ft (QKT) A% (2.24)
ention(Q, K, V) = softmax .
Vi

where d is the latent feature dimension of the key vectors. The expressiveness
of using a single attention block is limited, thus transformer models use
multiple attention heads simultaneously by splitting the latent dimension into
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np heads. Multi-Head Attention computes several attentions in parallel, which
enables tokens to look for different kinds of information more effectively

MultiHead(Q, K, V) = Concat(heady, . . ., head,)W©, (2.25)
where each head is:
head; = Attention(QW<, KWK, VW) (2.26)

Conceptually, attention can be understood as a differentiable key-value
lookup. A query retrieves a weighted combination of values based on a
computed similarity metric corresponding their keys.

There are two main types of attention used in almost all transformer models:
Self-Attention and Cross-Attention. Self-Attention refers to the special
case where the keys, values and queries are all from the same input sequence of
tokens with the objective to update each token with most relevant information
from the sequence. In Cross-Attention, the query vectors (Q) are generated
from one section (e.g. the action tokens of a policy), while the keys (K) and
values (V) are from a different sequence (e.g. image observation tokens of the
scene). Thus, the first sequence queries relevant information from the second
conditioning sequence.

A major drawback of attention and especially, self-attention is its quadratic
complexity O(N?) in both compute and with respect to the sequence length of
tokens. This severely limits scalability to longer sequences and has motivated
research into more efficient attention mechanisms. Cross-Attention has a
complexity of O(Ny - Ni), where N refers to the sequence length of query
tokens and Nj denotes the number of context tokens, respectively. MDT and
FLOWER both employ Cross-Attention for efficient feature extraction from
vision and language encoders.

2.2.2. Transformer Experts
Every transformer layer contains Multi-Layer Perceptron (MLP)s to process
each individual token after the attention mechanism. In modern Transformers,

two types of experts are commonly used: ReLU-MLP and SwiGLU ones. The
standard ReLU version is a simple two layered MLP with the equation:

FFNRgeLy(x) = max(0,xW; + b;)W; + b, (2.27)

17
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It uses the standard ReLU activation function frery(x) = max(x, 0) [137]. The
latent dimension of the intermediate layer is commonly defined to be 4 times
larger than the input size.

In contrast to the default ReLU experts, the modern SwiGLU [176] one has a
slightly different computation that uses two weight matrices, where one is
used as gating for the intermediate output of the other one:

SwiGLU(x) = (SILU(xW ;) © (xV,))W, (2.28)

Since we use two weight matrices for the first half of the layer, the intermedi-
ate latent multiplier is reduced to 8/3 to account for the increased number of
parameters. This dynamic data-dependent gating provides more expressive
representations. SwiGLU has become the standard expert variant for many
established Large-Language-Models (LLMs) like the Qwen family [155], Kimi
K2 [90] or MiniMax [132] as well as diffusion generation models for image
generation like Flux [13] or WAN for video generation [201]. MoDE and
FLOWER also employ SwiGLU experts for expressive behavior generation.

2.2.3. Transformer Norms

Transformer models consist of many transformer blocks in very deep net-
works. This results in several training challenges like exploding gradients or
vanishing ones. A core part of each transformer layers is layer normalization,
which adjusts the value range of latent tokens in each layer.

Given a batched sequence of latent tokens x € RBXTXZ where B is the number

of samples in a batch, T refers to the number of tokens in the sequence and Z
is the latent dimension. In contrast to popular batch norm in Convolutional
Neural Network (CNN) [72], which computes the mean and deviation for
all samples within a batch, LayerNorm takes the average values of each
individual token instead. The initial Transformer proposed the idea of using
Layer Normalization:

% —
Vo? +¢€
where « and f are learnable parameters and y denotes the average value, o

the standard deviation of the data and € refers to a minimum offset of around
le — 6 for stability near zero [198].

X=a (2.29)
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Recently RMS-Norm has gained wide-spread adoption in many Transformer
models [219]. RMS-Norm does not use the mean and standard deviation
and instead normalizes by the Root-Mean-Squared (RMS) of each token.
The authors argued that computing the mean and standard deviation in the
LayerNorm does not provide performance gains but adds additional compu-
tation cost. Instead, the scaling factor o was the most impactful parameter.
In RMS-Norm each token vector is scaled by the RMS magnitude:

G . (2.30)

[1xd 2
azizlxi+e

By removing the centering (i) and offset (ff) parameters, the normalization
is significantly faster to compute. Many Transformers models also include
additional RMSNorm in the Attention modules for normalizing the Queries
and Keys before the matrix multiplication for increased stability (Figure 2.2
left part). RMS-Norm is used in FLOWER and MoDE to enable stable training
on diverse play data

Diffusion Transformer (DiT) architectures often utilize additional Adaptive
Layer Normalization (AdalLN) [148] to integrate conditioning information.
AdaLN replaces the static scale and shift parameters of standard normalization
with dynamic values regressed from the condition vector c (e.g., noise level
or class embedding):

AdaLN(h,c) = (1 + y(c)) © LayerNorm(h) + f(c) (2.31)

Here, y(c) and f(c) are outputs of a lightweight MLP conditioned on c. For
improved convergence, the final layer of this MLP is typically initialized
with zeros (referred to as AdaLN-Zero). This initialization ensures that
the transformer blocks initially behave as identity functions, significantly
stabilizing the early stages of training. Both FLOWER and MDT employ
AdaLN-Zero to condition the policy on the current noise level.

2.2.4. Position Embeddings

Transformers are permutation-invariant and do not have a native under-
standing of token order. Self-attention treats all tokens in a sequence as
equally exchangeable, which is suboptimal in applications such as language
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generation or imitation learning, where the position of tokens matters. As
a result, Transformers require an additional mechanism to encode position
information.

To address this issue, Transformers use different variants of position em-
bedding. The original Transformer paper [198] introduced Absolute Position
Embeddings, which are combinations of sine and cosine functions at different
frequencies. For a token at position pos and a dimension i in the embedding
vector, the absolute position embeddings are defined as:

2i
PE pos,2i = sin(pos/10000 Fmodel ) (2.32)
2i
PEpos,2it1 = cos(pos/10000 Fmodel ) (2.33)

These sinusoidal embeddings assign a unique, smooth encoding to each
position, and the different frequencies across dimensions allow the model to
capture both local and long-range positional relationships.

Another type of position embedding used in various transformers is learned
position embedding. This type of position encoding is for example used in
ViTs. Instead of using predefined formulas like the absolute variant, they
create simple embedding matrices of size [Max Sequence Length, Embedding
Dim] and let the model learn its optimal vector for each position. The formu-
lation itself is also the bottleneck of learned embeddings, because it cannot
extrapolate for longer sequences than its max sequence length. BESO, MDT
and MoDE all use learned position embeddings for their action prediction
Transformers.

More recently, Rotary Position Embedding (RoPE) [190] has gained
widespread adoption in many transformer models, including language [155]
and video generation [201]. The core idea of RoPE is to rotate the query and
key vectors inside the attention computation instead of adding additional
tokens. The degree of rotation is specified by the token’s absolute position in
a sequence.

For each token’s query and key vector (of shape Z), we group its features
into pairs of two (e.g. feature 1 & 2, feature 3 & 4, ..). For each feature pair,
we apply a 2D rotation matrix:

() + ix}yy) = () + ixjep) - €70 (2.34)

o)
where 6; = 10000 model ,

20



2.2. Transformers and Foundation Models

While RoPE is commonly expressed using complex notation, this rotation is
implemented in practice using real-valued operations:

X} ] _ [cos(mQj) —sin(mGj)] [ Xj ]

¢ sin(mf;)  cos(mb;)

(2.35)
Xj+1

Xj+1

This mapping extrapolates well to arbitrary sequence lengths. The attention
score is then computed as the dot product of rotated query and keys. It is
only dependent on their relative rotation, which is expressed in the difference
0, — 0, based on their position m and n. Figure 2.2 visualizes the RoPE
embeddings in the Attention modules.

RoPE is computationally efficient, since it requires no new learnable param-
eters and can be implemented as a series of element-wise multiplications.
These properties have made RoPEs the de facto default choice as a posi-
tion embedding for many modern Transformer architectures [155, 201, 90].
Given these properties, FLOWER also employs RoPE for encoding positional
information in its Transformer backbone.

2.2.5. Vision Transformer (ViT)

ViTs are a family of Transformers specialized for encoding images. The core
idea is to split an image into a grid of fixed-size patches (e.g., 16x16 pixels).
These patches are then flattened and linearly projected into the Transformer’s
latent dimension (e.g., d = 768), creating a sequence of "patch tokens" [37].

Because the self-attention mechanism is permutation-invariant, the model
needs spatial information. To provide this, 2D position embeddings (such
as learned absolute positions or 2D RoPE) are added to each patch token.
With these embeddings, the ViT can learn spatial patterns and correlations
between all patches of an image.

Many applications, such as image classification, require a single vector to
represent the entire image. To accomplish this, a special, learnable [CLS]
token is prepended to the sequence of patch tokens. During processing, the
self-attention mechanism allows this [CLS] token to aggregate information
from all patches. The final output vector corresponding to this [CLS] token
is then used as the global summary representation for the entire image.
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The core advantage of this approach is achieving architectural homogeneity:
by converting an image into a sequence of tokens, the same Transformer
architecture used for language can be applied directly to vision. This archi-
tectural unification is a key enabler for the unified VLMs and VLAs discussed
later in this thesis. In this thesis, ViT-style encoders appear as the vision
backbone in MDT and FLOWER.

2.2.6. CLIP: Contrastive Language-Image Pretraining

Contrastive Language-Image Pretraining (CLIP) is a vision-language founda-
tion model that learns a unified latent space of images and text [156] using
self-supervised learning. To achieve this, CLIP has been pretrained on a
large-scale dataset of around 400M diverse image—-text pairs.

CLIP consists of two encoder networks: an image encoder (typically a ViT or
CNN) and a text encoder (a Transformer). Each encoder maps its input into
an embedding vector, and these embeddings are compared in a shared latent
space. Training uses a contrastive InfoNCE loss that encourages matching
image—text pairs to have high similarity and non-matching pairs to have low
similarity. For a batch of N image—text pairs {(I;, T;)}Y.,, the loss is

i=1’

exp(s(I;, Ts)) exp(s(I;, T;))
~ —1lo N )
Y= exp(s(I; T)) =1 exp(s(Ty 1))

(2.36)

LInfoNCE,— =-1lo

where s(+, -) denotes the similarity (e.g., cosine similarity) in the shared latent
space. All other samples in the batch act as negatives.

Many modern VLM commonly use SigLIP [217], an improved CLIP-style
model that replaces the softmax contrastive objective with a sigmoid based
one:

N N
LsigLp = —ﬁ Z Z [yij log(a(sij)) + (1 —y;;) log(1 - U(Sij))] (2.37)

i=1 j=1

The power of CLIP-style models lies in their generalization. Their embeddings,
learned from large-scale image—text pretraining, support tasks such as zero-
shot classification and retrieval by comparing similarities in the shared latent
space. When used as encoders in robot policies, they enable the policies to
interpret novel language commands that are semantically similar to those seen
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in pretraining and to select appropriate skills without additional task-specific
training.

In this dissertation the CLIP text embedding model is used to encode language
goals for BESO, MDT and MoDE. Further, the image model of CLIP is also
used to encode image goals for MDT.

2.2.7. Mixture of Experts (MoE)

MOoE:s are a class of Transformer architectures that modify standard Trans-
former architectures by replacing dense feed-forward layers with a sparse
layer of specialized sub-networks. For each token, the router predicts the
top-k experts out of the n available experts to process the tokens (k values
of 2 — 4 are common in most models). An overview of a MoE-Transformer
block is visualized in Figure 2.3. Many widely used LLMs and VLMs use this
design including OLMoE [134], Qwen-2.5 [155] and KimiK2 [90].

In a standard top-k MoE layer, the attention and normalization components
are identical to those in a dense Transformer. The only structural change is
that the single dense MLP is replaced by a router plus a set of smaller expert
MLPs. For every token x, the router (a linear layer W,) computes logits over
n experts. These logits are converted to gating probabilities via softmax. The
final output y is a weighted sum of the top-k expert outputs:

logits = xW, (2.38)
gates = Softmax(logits) (2.39)
y = Z gates; - E;(x) (2.40)

i€ TopK (logits)

MoEs offer several appealing properties for scaling transformers more ef-
ficiently: They use significantly fewer FLOPs per forward/backward pass
compared to a dense model of the same total parameter size. This also leads to
faster training and inference. Further, the MoE design is highly parallelizable
because of independent experts, which can be distributed across different
GPUs or nodes during training and inference.

The main challenge of using MoEs lies in their training dynamics: jointly
learning the router and experts is considerably more difficult than training a
dense MLP. Router collapse occurs when the router consistently selects the
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Transformer MoE Block

w; - Expert; (z) G(2) = Top-k (softmax(W,z))
Py 1 ictop-k

Expert 1 Expert 2 Expert 3 Expert 4 Router top-k

Self-Attention

LayerNorm

[ Selected

Not selected

Figure 2.3.: Architecture of a Sparse MoE Transformer block. Following Self-
Attention, a learned Router G (z) activates only the top-k experts (here k = 2) via gates
wy, ws. The weighted sum aggregates outputs from selected experts (solid borders),
while inactive experts (dashed) are skipped to scale capacity without increasing
computation.

same subset of k experts for all tokens instead of equally distributing them
across all available experts. To mitigate this issue, auxiliary load-balancing
losses have been introduced. The additional term encourages the model to
distribute tokens more equally across all experts:

N
Lbalance = - N - Zﬁ - Py, (2.41)
i=1
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where N is the number of experts, f; is the fraction of tokens assigned to
expert i , P; is the average probability for expert i and a being an additional
hyperparameter to control the loss-term weight. The loss is minimized, when
probabilities and token fractions are well balanced across all N experts. In
large-scale MoE models, each expert typically has a capacity limit, and excess
tokens may be dropped or rerouted, which further complicates training and
load balancing [90].

In this thesis, we explore novel MoE layers for Diffusion Policy of MoDE
(chapter 5) to increase capacity without proportionally increasing inference
cost.

2.2.8. Large-Language Models (LLMs)

LLMs are generative models for text generation and understanding. They are
AR with Transformer backbones, which predict the probability distribution
over all possible tokens. LLM are trained on a large-scale corpus of text using
teacher forcing and the cross-entropy loss:

T
Leg == ) 10g P(yn | y<n X) (242)

n=1

Teacher forcing uses a ground-truth input sequence for next-token prediction.
The LLMs commonly uses a decoder-only transformer model using causal
attention. Causal attention refers to a variant of self-attention, where any
token can only attend to itself and tokens earlier on the sequence. This
guarantees that the next word prediction is only dependent on the prior
sequence of words.

For tokenization of text, Byte-Pair Encoding (BPE) is commonly used. Given
a large text corpus, BPE starts from a base vocabulary (often characters) and
iteratively merges the most frequent adjacent token pairs. These frequent
character or subword pairs are merged into new tokens, and the final set of
tokens forms a discrete vocabulary. For example, the word robotics might be
tokenized into [robot] and [ics], where [robot] is a frequent subword and
[ics] is a common suffix. This method strikes a balance between having a
compact vocabulary and preserving semantically meaningful units.

Modern LLMs use RoPE position embeddings, which are covered in Sec-
tion 2.2.4. LLMs pretrained on internet-scale text data encode generalist
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world knowledge and are capable of reasoning [141] and understanding gen-
eral patterns [133] providing huge potential for versatile robot agents. In this
thesis, we leverage LLM indirectly, through VLMs and VLAs that use LLM
decoders for feature processing of images and text.

2.2.9. Vision-Language Model (VLMs)

VLMs are a class of models for joint vision and text understanding. VLM
combine pretrained LLM with pretrained vision encoding models like CLIP
[2, 112].

To translate vision tokens to the latent space of the LLM, VLMs use projector
networks. The most common projector used in VLMs is a simple MLP. The
projector acts as a vision to language translator, which projects the ViT tokens
to the LLM space. The processed vision tokens are then concatenated with
the language token sequence. For clear distinction between both modalities,
special tokens that symbolize beginning of an image [B0I] and end of an
image [EOI] are introduced. The multimodal token sequence is then processed
by the LLM layers, enabling LLMs to learn joint understanding of vision and
language.

VLMs are commonly trained in several stages. In the first stage, both ViT and
LLM are kept frozen and only the projector is trained. This stage teaches the
LLM to process images. Next, in Stage 2, the ViT and LLM layers are unfrozen
and trained jointly. This second stage training is done using high-quality
instruction following data. It enables the VLM to talk and reason about images
or solve different tasks like bounding box prediction or pointing [33].

VLMs hold great potential for many robotics tasks given their unified vision-
and-language understanding. They are used as task-planners [39], for labeling
trajectories [14] and as universal encoders for manipulation policies including
FLOWER and other VLAs [11, 89, 10], which will be discussed in the next
section in detail.
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2.2. Transformers and Foundation Models

2.2.10.Vision-Language-Action Models (VLAs)

VLAs represent a novel class of foundation models for robot manipulation.
The definition of VLAs varies in the literature. In this thesis, we propose the
following definition:

A VLA is a neural network utilizing a backbone jointly pretrained on large-
scale vision-language data, which is subsequently fine-tuned to generate control
commands. These commands may range from low-level robot joint positions to
high-level actions for virtual agents.

This definition implicitly includes two general groups of VLAs: the stan-
dard design using a pretrained VLM backbone and Video-Action Policies
[24, 69] that leverage pretrained video-generation backbone. Crucially, we
distinguish these from approaches that utilize separately pretrained encoders
(e.g., combining CLIP-text with DINOv2 image embeddings). This definition
strongly contrasts to models that lack joint vision-language pretraining. We
classify the latter as multimodal policies rather than VLAs for the remainder
of this work (e.g., MDT and MoDE are multimodal policies but not VLAs).

Most VLAs belong to two general types: discrete-tokens ones and
flow/diffusion-based ones [11, 10, 161]. Discrete tokens variant dis-
cretizes actions using either binning [18, 89], k-means clustering [172, 31]
or VQ-VAEs [98]. In these VLAs, action tokens are added to the existing
vocabulary of the VLM, and the policy does not require additional modules
for action generation. This auto-regressive approach can represent action
generating in the native next-token prediction formulation of LLMs and
VLMs, which results in faster convergence [151]. The core disadvantage is
discretizing longer action chunks often results in less expressive behavior
and slow inference because of the iterative next-token prediction setup.

Flow/Diffusion-based VLAs use additional parameters for action generation,
which is conditioned on the latent features of the VLM. While training addi-
tional parameters complicate training dynamics, it offers the core advantage
of fast and expressive generation of longer action chunks. FLOWER is a novel,
efficient VLA that belongs to the flow/diffusion category and also addresses
the issue of slower convergence using intermediate fusion (chapter 6).
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2.3. Imitation Learning

IL summarizes all methods that learn to imitate recorded behavior using neu-
ral networks. We have three core categories of algorithms: Behavior Cloning,
which will be discussed in detail next subsection, Inverse Reinforcement
Learning (IRL) [5] and Generative Adversarial Imitation Learning (GAIL)
[65]. Both GAIL and IRL require environment interactions which makes
them impractical for learning more complicated real-world behaviors [31].
This thesis focuses exclusively on Behavior Cloning (BC), given its offline
paradigm to learn from static datasets without additional real-world rollouts.
Below we will summarize the core algorithm, its challenges and most relevant
benchmarks.

2.3.1. Behavior Cloning (BC)

BC defines a class of machine learning methods that aim to replicate the seen
demonstrations [153, 142]. Formally, BC learns from a dataset D = {T,-}fi 1
of K expert trajectories, consisting of a set of state-and-action pairs D =
{(si, ai)}fil. There are two major losses used in BC training:

« Continuous Action Prediction: The most common approach is to
learn a policy 7g(s;) to minimize the Mean Squared Error (MSE) to the
expert action a;:

N
1
Lpc = N Z |70 (s:) — aill5 (2.43)

While this formulation is expressive, it fails to learn multimodal so-
lutions [78]. The MSE objective produces mode-averaging behavior.
Given a simple example of moving around a tree with an action distri-
bution of going 50% around the left and 50% going around the right
side, the policy will average both modes and learn to go straight.

+ Discrete Action Prediction: For discrete actions we use the Cross-
Entropy Classification loss, identical to the LLM setup for language
prediction:

N
1
Lpc-NiL = N Z log(r(ailsi)) (2.44)
F=
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The cross-entropy loss does not produce mode-averaging behavior
and can maintain multimodal solutions effectively. However, these
approaches trade multimodality with expressiveness. Discrete tokens
require compression compared to continuous values, and the learned
behavior is limited to pre-defined bins, which can result in low preci-
sion for more fine-grained behavior.

The core challenges of BC are [142]:

« Multimodal Behavior: First, BC struggles with the multimodality
of generated actions. Many tasks can be solved using different strate-
gies and movements, and an ideal policy needs to imitate all possible
solutions. Traditional log-likelihood optimization produces mode-
averaging behavior, which cannot learn all possible solutions and
learns an average of all observed modes. This can result in low success
rates and wrong and potentially harmful behavior.

« Covariate Shift: The shift between seen states and observed states
during rollouts is another core issue of BC. The policy is not able to
understand what to do from these unknown states and will fail to
complete the task.

« Compounding Errors: During rollouts the learned policy needs
to continuously generate new actions. These generated actions will
always be slightly off compared to the ground truth. These small
prediction errors accumulate over time and drift the policy out of seen
states or cause failures in behavior.

These challenges are also motivations for the contributions in this thesis:
Chapter 3 tackles the issue of multimodal policies using expressive score-
based diffusion policies. Our image-based policies use action chunking [27]
to counter compounding errors by predicting a sequence of actions at every
prediction step; the state-based BESO experiments use a single-step action
horizon (H = 1). Further, MoDE and FLOWER try to tackle the covariate shift
issue in chapter 5, and chapter 6 by pretraining on large-scale diverse data to
make the policy more robust.
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2.3.2. Goal-Conditioned Imitation Learning (GCIL)

The objective of GCIL is to derive a general-purpose goal-conditioned policy
7o (als, g) from a dataset of goal-labeled state-action triples D = [s, a, g]?il.
This is the general problem formulation used throughout this thesis. We
aim to learn a goal-conditioned policy mp(@ii+g-1 | Si—h+1:4,g) to predict
a sequence of actions with horizon H conditioned on a history of h past
observations s;_p41.; and a goal g. The goal g could be either an image of the
goal-state o, a future state vector s*, or an encoded language instruction I.

The action horizon H and history length h are core design choices that
vary across chapters. For state-based environments in BESO and MoDE,
we use reactive policies (H = 1) with history conditioning (h € [2,10])
to capture temporal dependencies from proprioceptive observations. For
image-conditioned manipulation, we employ action chunking (H € [10, 50])
with stateless policies (h = 1), where the chunk length depends on the data
collection frequency. The stateless setup is optimal for image-based GCIL as
single frames typically contain sufficient information for action prediction.
We specify the choice of H and A in every chapter and omit the subscripts for
simplicity.

The general training objective is to maximize the log-likelihood of the expert’s
action chunk given the observation and goal:

max B(qs.g)ep [log 7o (als. g)] (2.45)

2.3.3. Learning from Play (LfP)

LfP is a special case of GCIL with diverse data covering many skills but not
many segmented and labeled trajectories. Instead the dataset consists of long
sequences with many skills performed in random orders.

To learn GCIL behavior from this uncurated, task-agnostic data [119], we
sample future images as desired goals for the policy. We start with a long, un-
labeled trajectory T = {s1,ay, ..., sy, ar}. To create a goal-labeled state—action
triplet (S;—p+1:i, @isiv -1, 8j), We first sample a random index i that determines
the current state s; and action sequence a;;+g—1. Next, we sample a goal
index j such that j > i, and define the goal as the future state g; = s;. This
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teaches the policy to reach any desired future state. For sampling these future
states two strategies are commonly employed:

+ Random Sampling: The desired goal-state j is sampled uniformly
from [i + 1,I]. This teaches the policy to solve both near and far goals.

+ Geometric Sampling: We restrict the future horizon for sampling and
use a geometric distribution that assigns higher probability to nearer
future states within this range. This emphasizes shorter temporal
offsets while still sampling more distant goals. It is the technique used
for MDT goal sampling.

This LfP framework provides a dense source of self-supervised goal-
conditioning. In this thesis, we explore how this dense signal can be
combined with the sparse, manually-annotated language labels I that are
also available in datasets like CALVIN to learn policies in chapter 4. To
address the temporal consistency issues of single-step policies z(a; | s;), our
image-based policies use Action Chunking [222, 27]. The policy predicts
H future actions a;.i+p—1 € R¥*? from the current observation s;, where
d is the action dimension. The horizon depends on the benchmark and
policy rather than a fixed physical duration: MDT predicts H = 10 actions
in CALVIN, whose control rate is 30 Hz [130, 163], and uses H = 20 for
its real-robot experiments at 6 Hz. The experiment-specific horizons and
execution settings are given in the corresponding chapters.

2.3.4. Action representations

The choice of action representation for IL has high relevance for the perfor-
mance. In this section we briefly summarize the two most relevant action
spaces for imitation learning that are also used in this dissertation.

2.3.4.1. Joint Space Representation

In this action space, policies directly predict the target joint angles of the
robot manipulator a € R%of, The core advantage is simplicity: it avoids the
need for Inverse Kinematics (IK) computations, which can be computationally
expensive or unstable near singularities. However, it is less generalizable
across different robot morphologies. The ALOHA benchmark used in chap-
ter 6 utilizes joint-space actions to enable precise bi-manual manipulation at
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Figure 2.4.: Relay Kitchen example rollouts. Two example rollouts in the Relay
Kitchen benchmark introduced by Gupta et al. [57], illustrating different task compo-
sitions.

high frequencies (50Hz) [222]. In addition our real robot setup summarized
in Section 2.3.5.6 also uses joint state representation.

2.3.4.2. Delta-End-Effector Representation

This representation predicts the relative change in the robot’s end-effector
pose Ap € R®. It consists of a translation vector Ax € R* and a rotation
component Ar € R3. While rotations can be represented via Quaternions,
most benchmarks in this thesis (e.g., CALVIN [130] and LIBERO [110]) and
the majority of the OXE dataset [30] utilize Euler Angles. Although Euler
angles are not continuous (suffering from singularities and wrap-around
issues globally), they are stable and data-efficient for predicting small, relative
rotation changes common in pick-and-place tasks.

2.3.4.3. Gripper Representation
Most robots represent the gripper as a binary signal attached to the action

vector as an additional dimension. It typically takes discrete values g € {0, 1}
(open/close) or continuous values g € [—1, 1] representing the width.
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2.3.5. Simulation Benchmarks

In this section we provide an overview of the most frequently used imitation
learning benchmarks in this dissertation to evaluate different aspects of policy
learning. We select benchmarks that test different aspects of policy learning:
Block Push and Relay-Kitchen for multimodality, CALVIN for long-horizon
language conditioning and generalization, LIBERO for multi-task learning,
and SIMPLER for zero-shot evaluation of pretraining of foundation policies.

2.3.5.1. Relay Kitchen

Relay Kitchen [57] is a multi-task simulation benchmark using a Franka
Emika Panda robot in a virtual kitchen environment. The robot manipulates
seven objects: kettle, microwave, sliding door, hinged door, light switch, and
two burners. The dataset consists of 566 human-collected demonstrations
where each trajectory contains a sequence of four manipulation tasks.

The robot is controlled through a 9-dimensional action space (joint and
end-effector positions), and observations are 30-dimensional state vectors
encoding object configurations. Policies are conditioned on randomly sampled
future states as goal states. Evaluation uses two metrics: result measures how
many desired goals are achieved per rollout (maximum 4 credits), while reward
measures overall performance by crediting any valid goal completion in the
environment (in theory maximum 5 credits, but all recorded demonstrations
only contain sequences of 4).

2.3.5.2. Block Push

Block Push [47] is a PyBullet environment where an XArm robot must push
two colored blocks (red and green) into correspondingly colored square target
areas. The dataset contains 1,000 demonstrations collected by a deterministic
scripted controller that randomly selects which block to push first and which
target to use, resulting in four distinct behavioral modes plus additional
stochasticity from varied pushing trajectories.

Policies receive state-based observations and are conditioned on goal states
specifying the desired block-target configuration and pushing order. A block
is considered successfully placed if its center lies within 0.05 units of the target
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Figure 2.5.: Block Push example rollouts. Two rollouts in the multimodal Block
Push benchmark based on Implicit Behavioral Cloning [47, 172], showing different
block-to-target assignments and execution orders.

square. Evaluation credits 0.5 points per correctly placed block (maximum
1.0), requiring both correct target placement and execution order.

2.3.5.3. CALVIN Benchmark

“lift the pink block store the grasped
from the sliding block in the
cabinet” drawer”

“go push the red “pull the handle to
block left” open the drawer”

“grasp and lift the
red block’

RJl

L

(a) Environments (b) Example CALVIN-Rollout

Figure 2.6.: Overview of the CALVIN environment. (a) CALVIN contains four
different settings (A,B,C,D) with different configurations of slides, drawers and textures.
(b) Example rollout consisting of 5 tasks in sequence. The next goal is only given to
the policy if it completes the prior goal. The environment images and rollout illustrate
the CALVIN benchmark introduced by Mees et al. [130].

CALVIN [130] is a GCIL benchmark for learning language-conditioned ma-
nipulation from human play data. Unlike structured demonstration datasets,
CALVIN consists of unstructured interaction trajectories where humans freely
explore four distinct environments (A, B, C, D), each with unique configura-
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tions of drawers, buttons, and sliders (Figure 2.6). The dataset defines 34 basic
skills (e.g., "rotate blue block right," "open drawer," "turn off light bulb") across
very long-horizon trajectories, that consists of play interactions that last up
to 1 hour. For language-conditioned learning 1% of the data is segmented into
equal long short trajectories of 64 timesteps and provided a task description
in natural language.

Evaluation protocol. Policies are evaluated on sequences of 5 consecutive
tasks sampled from the 34 skills. The environment reveals the next task
only after successful completion of the current one. Evaluation runs 1000
rollouts in environment D and reports both the full-sequence success rate
and the average number of completed tasks per sequence. Policies observe
the environment state via static and wrist-mounted camera images.

Dataset splits. We use three standard splits throughout the thesis for testing
different aspects of policy learning:

D—D: 5,124 labeled windows from environment D only. The small scale
makes learning and composing all 34 tasks challenging.

ABC—D: 17,842 sequences from environments A, B, C with zero-shot eval-
uation in the unseen environment D. Tests generalization to novel scene
configurations and is the most challenging setup in CALVIN.

ABCD—D: 22,966 sequences from all four environments. Tests scaling be-
havior with maximal data diversity.

Given the fair standardized evaluation protocol, baseline numbers are directly
reported from respective papers unless stated otherwise.

2.3.5.4. LIBERO Benchmark

The LIBERO task suites [110] consists of 5 different ones in the benchmark
with 50 demonstrations per task. For chapter 4, that uses both language
goals or image goals, we generate goal images by utilizing the final state
of each rollout. We used the default end-effector action space in all our
experiments. The benchmark, visualized in Figure 2.7, is structured into five
distinct task suites, each designed to test different aspects of robotic learning
and manipulation:
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Goal Object Spatial 90 & Long

Figure 2.7.: Overview of the LIBERO benchmark. Representative tasks from the
Goal, Object, Spatial, and LIBERO-100 suites. Images adapted from Figures 8-11 of Liu
et al. [110] (cropped, rearranged, and rescaled). The LIBERO-100 montage illustrates
tasks used in the 90/Long split.

« Spatial: This suite emphasizes the robot’s ability to understand and
manipulate spatial relationships. Each task involves placing a bowl,
among a constant set of objects, on a plate. The challenge lies in
distinguishing between two identical bowls that differ only in their
spatial placement relative to other objects.

+ Goal: The Goal suite tests the robot’s understanding and executing
varied task goals. Despite using the same set of objects with fixed
spatial relationships, each task in this suite differs in the ultimate goal,
demanding that the robot continually adapt its motions and behaviors
to meet these varying objectives.

« Object: Focused on object recognition and manipulation, this suite
requires the robot to pick and place a unique object in each task.

« Long: This suite comprises tasks that necessitate long-horizon plan-
ning and execution. The Long suite is the most challenging variant
of LIBERO, as it tests the robot’s ability to maintain performance and
adaptability over extended task duration that require action generation
for 450 steps.

+ 90: Offering a diverse set of 90 short-horizon tasks across five varied
settings, that require the policy to acquire diverse skills using a single
policy.

Given the standardized evaluation protocol, we directly compare our results
against baselines values reported in their respective papers.
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4

/

put spoon on towel (sim)

stack green cube on yellow cube (sim) | put eggplont in bosket (sim)

Figure 2.8.: SIMPLER task overview. Simulation frames adapted from the sup-
plementary videos accompanying Li et al. [106]. The left four images show the
WidowX/BridgeData V2 tasks; the right four show Google Robot tasks.

2.3.5.5. SIMPLER Benchmark Tasks

The real2sim benchmark SIMPLER [106] consists of two evaluation settings.

Google Robot Setting. This setting comprises four manipulation tasks. Pick
coke can requires grasping and lifting an empty Coke can from the table
across 75 trials, testing three orientations (horizontal, vertical, standing) at 25
grid points each. Move objects near objects evaluates relative positioning over
60 trials with three objects in triangle configurations (upright and inverted).
Eight objects are used (blue bottle, Pepsi can, orange, 7up can, apple, sponge,
Coke can, Redbull can) in five predefined triplets. Drawer manipulation tests
articulated object handling over 54 trials: the robot is positioned at nine floor
locations and must open or close a specific drawer (top, middle, or bottom).
Drawer + placement combines sequential actions over 27 trials: open the top
drawer, then transfer an apple from the cabinet surface into the drawer, with
the robot at three locations and the apple at nine grid points.

For this setting, SIMPLER defines two evaluation variants to mitigate the
real-to-sim gap. In the Visual Matching variant, simulated observations are
composited with real-world backgrounds and baked object textures to closely
replicate the appearance and lighting of real camera images, thereby reducing
visual domain shift. The alternative Variant Aggregation variant evaluates
policies across a diverse set of randomized simulation variants—varying
camera poses, lighting, backgrounds, and object textures—and aggregates
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results over all runs. While both yield meaningful correlations to real-world
success, Li et al. [106] report that Visual Matching achieves higher ranking
fidelity (lower mean maximum rank violation and higher Pearson r) than
Variant Aggregation on the Google Robot tasks.

WidowX + Bridge Setting. This setting features four tasks over 24 trials
each. Put spoon on towel requires placing a spoon from one corner to another
of a 15cm square, with initial orientation alternating between horizontal and
vertical. Put carrot on plate follows the same structure but substitutes a carrot
and plate. Stack blocks tests precise stacking of a 3cm green block on a yellow
block, using two square configurations (10cm and 20cm side lengths) with
blocks at different corners. Put eggplant into yellow basket places an eggplant
randomly in the right sink basin and a basket in the left basin, with varying
eggplant locations and orientations kept graspable.

2.3.5.6. Real World Play Kitchen Setup

Figure 2.9.: Overview of the real robot play kitchen setup. The left image shows
the play kitchen with its relevant objects in the scene, while the right image shows
the cameras and the second robot used for teleoperation. The policies are conditioned
on the side-view camera and a birds-eye view camera.

Detailed Environment Overview. Our real robot setup with the toy kitchen
is visualized in Figure 2.9. In the kitchen the robot can interact with the
microwave positioned on the top right, the oven in the lower left half of the
kitchen, the cooler on the lower-right side of the kitchen and the sink on the
right side of the counter top. The robot is positioned next to a toy kitchen
with the following additional objects: a banana, a pot, a toaster with toast.
For the MDT experiments, we create a set of 20 diverse tasks for the robot to
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learn from the partially labeled play data. All tasks of our dataset are shown
in Figure 2.10.

Close the oven

A

Close the ice box

Pick up toast and put it in the sink Move pot from sink to right stove

Figure 2.10.: Overview of the 20 tasks recorded in our real world kitchen. Both
camera perspectives used for training policies are recorded.
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Play Dataset Collection. Our volunteers collect play data with teleoperation
with a leader and follower robot setup, which is visualized in Figure 2.9.
During the teleoperation, we collect the robot’s proprioceptive sensor data
and two images from our two static cameras with 6 Hz. We extract the desired
joint position as our action signal and normalize it in the range [-1, 1]. To
label the data with additional text instructions, we randomly sample short
sequences from our uncurated play dataset and ask a human to describe the
task in this segment. For every task we query GPT-4 to generate different text
instructions for more diverse language descriptions. We note, that training a
single policy on such a small dataset of real world play data is very challenging
for the models.
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3. Goal-conditioned Imitation
Learning using Score-based
Diffusion Policies

The foundation of a generalist manipulation agent lies in a robust policy
representation capable of efficiently learning from diverse, unstructured play
data (C1).

At the time of this work, existing imitation learning policies struggled to
model multimodal behavior from uncurated play data. This chapter addresses
the critical question of designing an effective policy backbone for robot learn-
ing by introducing BESO (BEhavior generation using Score-based diffusiOn
models), a novel policy representation that leverages score-based diffusion
models to directly model complex action distributions. Conducted concur-
rently with the earliest diffusion-based policy work [27, 147], this chapter
presents the first score-based diffusion models for goal-conditioned imitation
learning. Our results highlight the importance of expressive, multimodal
policy representations for learning from play. BESO serves as a scalable and
data-efficient foundation upon which subsequent chapters build with multi-
modal conditioning (chapter 4) and efficiency improvements (chapter 5).

The content of this chapter is based on the paper Goal-Conditioned Imitation
Learning using Score-based Diffusion Policies (Moritz Reuss, Maximilian
Li, Xiaogang Fia, Rudolf Lioutikov, 2023), published in Robotics: Science and
Systems (RSS). The paper received the Best Paper Award at the ICRA 2023
Workshop on Learning from Diverse, Offline Data. Wording, notation, and
formulations were revised for this thesis.
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3. BESO: Score-based Diffusion Policies
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Figure 3.1.: Overview of the action generation process of BESO with the used
model architecture. Left: General Action Generation Process using the Diffusion
Process to denoise the next action given the current observation s and desired goal
state g in N-steps. Middle: the high-level score model with its pre-conditioning
layers and skip connections. Right: the internal denoising score model, which uses
a transformer architecture with causal masking to iteratively predict the denoised
action given the sequence of prior observations, actions, and the goal sequence.

3.1. Introduction

Prior policy representations for learning from play data face a fundamental
trade-off: expressive models like VAEs [57, 130, 150] or discrete tokeniz-
ers [31, 172] require supplementary networks or hierarchical structures to
capture multimodal behavior. This results in multiple learning objectives and
additional tuning challenges.

This chapter introduces BEhavior Generation using ScOre-based Diffusion
models (BESO), a score-based diffusion policy that addresses this limitation.
By modeling the action distribution directly with score-based diffusion models,
BESO captures multimodal behavior in a single network without hierarchical
decomposition. BESO uses SDMs [183, 66, 188, 83], that progressively diffuse
data to noise through a forward SDE. By training a neural network, known
as the score or denoising model, to approximate the score function, one
can reverse the SDE to generate new samples from noise in an iterative
sampling process. Modeling the goal-conditioned action distribution using a
score-based diffusion model has several core benefits for policy learning.

First, the expressiveness and multimodality of SDMs are crucial for effective
conditioned behavior generation. On several challenging goal-conditioned
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benchmarks, including the conditioned Relay Kitchen and CALVIN bench-
mark [130], BESO consistently outperforms SoTA methods across 54 tasks in
5 different benchmarks in simulation and real-world environments.

Second, by leveraging Classifier-Free Guidance Training of SDMs, BESO
effectively learns two policies simultaneously: a goal-dependent policy and
a goal-independent policy, which can both be composed together or used
independently.

Third, our model is easy and stable to train with a single training objective
without additional rewards. This contrasts with other generative models,
such as Implicit Behavior Cloning (IBC) [47], or hierarchical policies [57].

Fourth, SDMs do not restrict the choice of the model architecture as in
other generative models such as VAEs or EBMs [47]. BESO leverages two
novel Transformer architectures augmented with preconditioning to predict
flexible-length action chunks.

Finally, BESO can diffuse new actions fast. While concurrent diffusion-based
policies [147] require 30+ denoising steps per action, BESO outperforms SoTA
policies using only 3 denoising steps.

To summarize our contributions:

« BESO, a new policy representation based on score-based diffusion mod-
els for effective goal-conditioned behavior generation from uncurated
play data.

« Use of Classifier-Free Guidance-based Diffusion Policy to simultane-
ously learn a goal-dependent and goal-independent policy from play.

+ Systematic evaluation of key components for fast and efficient ac-
tion generation using Score-based Diffusion policies combined with
extensive experiments and ablations.

Code, pre-trained models, and example rollouts are available at https://in
tuitive-robots.github.io/beso-website.
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3.2. Related Work

GCIL. It is a sub-domain of imitation learning [142, 4] where demonstra-
tions are augmented with goal states that indicate the intended task. These
goal states disambiguate demonstrations that might otherwise appear simi-
lar, enabling a single goal-conditioned policy to exhibit different behaviors
depending on the specified goal. A related paradigm is Goal-Conditioned
Reinforcement Learning (GCRL) [45, 44, 150, 86], which uses reward signals
rather than demonstrations. However, reward signals are difficult to define for
complex manipulation tasks, and the required policy rollouts are expensive in
real-world settings—making demonstration-based approaches more practical
for our target domain.

Similarly, several works explore Goal-Conditioned Policy Learning in an
Adversarial Imitation Learning Setting. GoalGAIL [35] uses a GANs frame-
work to match goal-conditioned occupancy measurements, learning a unified
policy for various goals. Lee et al. [99] proposes an improved goal-proximity
measurement to inform agents about task progress. Go-Far [122] formu-
lates GCIL as a state-occupancy matching problem between a dynamics-
constrained agent and an idealized expert. More recently, GO-DICE [73]
proposed an option-aware framework that also considers sub-goals for ef-
fective goal-conditioned learning. These algorithms are all limited to simple
state-based environments, while BESO can scale effectively to large-scale
image benchmarks in simulation and the real world to learn a diverse range
of language-conditioned tasks.

Learning from Play. The goal of LfP [119] is to learn goal-specified be-
havior from a diverse set of unlabeled state-action trajectories. Play data is
characterized by unsegmented, multimodal trajectories. This makes learning
meaningful behaviors more challenging, as the policies need the ability to deal
with multiple ways of solving a task, distinguish between similar ways to solve
different tasks, as well as the ability of long-horizon planning to reach goals
far into the future. Prior work aimed to extract representations from play data
for effective downstream policy learning [215] or learned self-supervised rep-
resentations of skills, referred to as latent plans, using Conditional Variational
Autoencoders (CVAE) [57, 119, 130, 129]. Transformer-based architectures
were also researched as a policy class for task-agnostic behavior learning [31,
172]. Another body of work tries to improve LfP, by focusing on the data
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aspect and learning from object-centric interactions, instead of randomly
sampled sequences [8].

Generative Models in Policy Learning. Imitation Learning can be formu-
lated as a state-occupancy matching problem, where the goal is to learn a
policy that matches the state-occupancy distribution of expert demonstra-
tions. The unknown expert demonstration can now be approximated through
modern generative model architectures. One popular approach is the use of
GAN [65, 48]. These methods use a generator policy that learns to imitate
the observed behavior of the expert and a discriminator, which distinguishes
between real and fake trajectories. They require extensive rollouts during
training, which is not feasible in our setting. Other approaches use CVAEs
[125,150, 57, 129, 167] to learn a latent embedding to represent the underlying
skills. Recent work also applied Energy-based models as conditional policies
for behavior cloning [47]. Normalizing flows have also been proposed as a
policy representation [182].

Diffusion Generative Models in Robotics. Most approaches that apply
diffusion models in robotics applications focus on the discrete DDPM variant
[66]. The DDPM Diffusion model has been used in Offline-RL to generate state-
action or state-only trajectories using large U-net architectures [76, 1]. DDPM
has also been applied as a policy regularization method in a step-based Offline-
RL setting in combination with a learned Q-function [203]. Recently, score-
based generative models have been leveraged to synthesize cost functions
for grasp pose configurations [195]. In addition, Conditional score-based
generative models have been proposed to learn the reward function for inverse
reinforcement learning [87].

The closest concurrent work to BESO is Diffusion Policy [27] and Diffusion-
BC [147], which both propose the use of conditional, discrete DDPM as a new
policy class for Behavior Cloning. However, both of these methods have slow
action generation: Diffusion-BC synthesizes new actions in 50 stochastic
sampling steps and Diffusion Policy recommends up to 100 denoising steps.
BESO leverages the probability flow ODE combined with fast, deterministic
samplers and optimized noise levels. Hence, BESO requires significantly
fewer function evaluations in every action prediction.
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3.3. Method

In this section, we describe our approach to goal-conditioned behavior gener-
ation using Score-based diffusion models.

3.3.1. Score-based Diffusion Policies

Our goal is to learn the policy distribution 7 (als, g) underlying the play
dataset ©. We achieve this by defining a continuous diffusion process that
gradually adds Gaussian noise to actions sampled from zg, producing a
sequence of intermediate distributions p; for ¢t € [0,T]. Att = 0, we have
po = mp (the data distribution); at t = T, we have pr = N(0, O'%I) (an
unstructured Gaussian prior).

Following Song et al. [188], this diffusion process can be described as a SDE.
We adopt the formulation of Karras et al. [83]:

da = (ﬂto.t — d.t)GtVa logpt(a|s, g)dt + \Y% ZﬂtO'tdwt, (31)

where V4 log p;(als, g) refers to the score-function, w; is the Standard Wiener
process, which can be understood as infinitesimal Gaussian noise. The noise
scheduler is denoted by oy, and f(t) describes the relative rate at which
the current noise is replaced by new noise. In our approach, we set o; = ¢,
following prior work in image generation [83]. Here, ¢, = % denotes the
time derivative of the noise schedule.

At every timestep t and related noise level there exists a corresponding
marginal distribution p;(als, g), which is the result of injecting Gaussian
noise to samples from ppay. This can be expressed as p;(a;|la) = N(a, o21).
The final action distribution of the diffusion process is a known tractable prior
distribution ar ~ pr. An unstructured Gaussian distribution pr = N (0, 0'72.1)
is chosen without any information about the play data distribution.

In the case of BESO we are particularly interested in the Probability Flow
ODE within the SDE [188]. This ODE shares the same marginal distributions
pi(als, g) as the SDE at every timestep, but without the additional random
noise injections. By setting () = 0, we recover the Probability Flow ODE
from Eq. (3.1):

da = —6,0,V4log p;(als, g)dt (3.2)
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The negative score-function —V,log p;(als, g) specifies the vector field of
the current marginal distribution p,(als, g). This vector field points towards
regions of low data density and is scaled with the product of the current noise
level o; and the change of it &;.

3.3.2. Diffusion Training

Algorithm 1 BESO Training

1: Require: Play Dataset Dplay

2: Require: Score Model Dy(a, s, g, 0)

3: Require: Noise Distribution piyain = LogLogistic(Pumean, Pstd)
4: Require: Loss weighting function A(o)
5. fori € {1,..., Nyain} do

6 Sample (s, a, g) ~ Dplay

7 Sample 0 ~ Pirain

8 Sample € ~ N (0, o°1)

9 L — Mo)||Dg(a+¢€,s,9,0) —all?
10: Update 0 using Vo L

11: end for

In order to generate new samples by numerically approximating the reverse
ODE, we require an accurate estimate of the score function V, log p;(als, g)
for all marginal distributions p; in our diffusion process. To achieve this, we
use a neural network Dy(a, s, g, 0;) that matches the score for all marginal
distributions p;(als, g).

Valogp:(als,g) = (Dg(a,s, g,0:) —a) /o (3.3)

The neural network is trained using the denoising score matching objective
[199, 185], where we add Gaussian noise to the actions and minimize the
difference between the network’s output and the original actions:

Lp, =Eoae [a(01)|Do(a+ €5, g.01) —all3], (3.4)

where a is an action sample, and € ~ N(0, crtzl) represents the Gaussian
noise. The losses at individual noise levels are weighted according to a (o),
and the current o; is sampled from the noise training distribution piy,in. We
use a truncated log-logistic distribution with location parameter Py, and
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scale parameter Pgg: Pirain ~ LogLlogistic(Ppean, Pstd) truncated to the range
[ Omins Omax]- The training process is summarized in Algorithm 1. This allows
us to effectively learn the noise-conditioned score function for our diffusion
process and generate samples from the conditional density, p;(als, g), using
the Probability Flow ODE.

3.3.3. Efficient Action Generation using Deterministic
Samplers

Algorithm 2 Action Generation Process using DDIM based Sampler (DPM-1)
adapted for BESO [116, 184]

1: Require: Current state s, goal g
2: Require: Score-Denoising Model Dy(a, s, g, o)
3: Require: Decreasing noise levels op > -+ > on_-; > oy = 0, with
Oop =1tn
Draw sample ay ~ N (0, 621)
forne{0,...,N—1}do

zin — Dy(ap,s, 9, On)

dn — (an - an)/o'n

Ayl < ap + (o'n+1 - Un)dn
end for
10: return ay

R A A

To generate actions, we sample from the prior ar ~ N(0, 021) and numer-
ically integrate the reverse ODE (Eq. 3.2) using our learned score model.
Starting from random noise ensures diverse, multimodal action generation
even though the ODE itself is deterministic—different initial samples follow
different trajectories through the learned vector field.

The process begins by selecting a random sample from our prior distribution,
ar ~ N(0,021), and then iteratively denoise this sample. Random samples
as a starting point create diverse and multimodal actions, even when the
underlying ODE is deterministic. The ODE can be solved numerically, by
discretizing the differential equation starting from T to 0. During the action
prediction, we iteratively denoise the sample at N-discrete noise levels.

BESO employs the DDIM solver, as described in detail in Algorithm 2 [115,
184], for fast, deterministic sampling. For o; = t, the first-order DDIM up-
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date can be written as the Euler step in Algorithm 2, equivalently ap., =
(on+1/on)an + (1 — ons1/0n)a, [184, 83]. A detailed comparison of SoTA dif-
fusion samplers is provided in Section 3.4.2, which concludes, that DDIM has
robust performance with low number of denoising steps. An additional eval-
uation on the influence of noise concludes that ODE solvers are competitive
with SDE variants for action prediction tasks.

Our ablation studies in Section 3.4.2 verify that three denoising steps are
necessary for BESO to generate actions with high accuracy to predict single
actions. For the action chunking version 10 denoising steps are ideal to
predict a sequence of 10 future actions. Increasing the number of inference
steps further only marginally enhances the performance, while significantly
slowing down the sampling process. Thus, we found that 3 and 10 steps
strike the best balance between computational efficiency and performance.
For inference, we can adapt the range of noise and the distribution of discrete
timesteps. We retain the exponential time-step schedule and noise range
o € [0.005, 1] used in the published BESO recipe [162]. This default is not a
claim that exponential discretization is optimal: the controlled comparison in
Table 3.6 gives slightly higher mean scores for linear time steps.

3.3.4. Goal-Guided Score-based Diffusion Policies

Conditioned Policy (BESO). We define a goal-conditioned diffusion pol-
icy, 7 (al s, g), by directly learning the goal-and-state-conditioned distribu-
tion with our score-based generative model. In contrast to standard goal-
conditioned behavior cloning, our diffusion policy allows us to capture multi-
ple solutions present in the play data while still being expressive enough to
solve long-term goals.

Goal-Classifier-Free Guided Policy (CFG-BESO). We additionally com-
bine BESO with Classifier-Free Guidance (CFG) [67], a conditioning method
for diffusion models. We train a goal-conditioned diffusion policy =z (a|s, g)
by applying a dropout rate of 0.1 to the goal g, which also trains an implicit
goal-independent policy 7z (a|s) within our goal-conditioned model. The
generation process uses a combined gradient for the denoising process

Valogp,a(als, g) =

(3.5)
AV, logpi(als, g) + (1 — 1)V, log p;(als),
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where the guidance factor A balances the influence of the goal-conditioned and
goal-independent gradient. In diffusion literature, A commonly ranges from
2 to 7.5, to guide the diffusion model towards goal-conditional distribution
7 (a|s,g). These values result in a negative score from the goal-independent
policy term. CFG has demonstrated significant performance improvements
over other conditioning methods [67, 116, 138]. Even though CFG has also
been successfully applied for generating state-only trajectories in Offline-RL
[1], recent work on behavioral cloning suggests that CFG performs signifi-
cantly worse than simpler conditioning methods [147] for step-based action
generation. We provide a detailed analysis of CFG for goal-guided action
generation in our experiment section and show that is an effective method to
learn goal-dependent and independent policy simultaneously.

3.3.5. Diffusion Wrapper

One of the main challenges of training the score-based diffusion model is
the big range of noise levels o; € [0.001, 80] To address this challenge, we
use an improved architecture [83] including additional skip-connections and
two pre-conditioning layers, which are conditioned on the current noise level
Ot

Dy(als, g,01) =

(3.6)
Cskip(o.t)a + cout(o.t)FQ(Cin(o.t)a> S, 9, Cnoise(o.t)),

Details for each preconditioning function are provided in Section 2.1.3. The
diffusion wrapper is also visualized in the middle of Figure 3.1. These addi-
tional skip connections help the score model to scale the output to a wide
range of noise levels oy, either by estimating the denoised sample a;_1, directly
predicting the noise € or something in between these two objectives.

3.3.6. Model Architecture

In this section, we introduce two variants of BESO optimized for synthesiz-
ing actions for goal-conditioned behavior. BESO uses a Transformer-based
architecture with causal masking as the inner model Fy(a, s, g, o). This ar-
chitecture enables BESO to learn temporal relations between observations
and actions, thereby improving its overall performance. A detailed overview
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Fo(a s, g,0;):
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Figure 3.2.: Visualization of the Seq-BESO model architecture. Seq-BESO pre-
dicts a sequence of future actions conditioned on the current state token and desired
goal with causal masking.

of our proposed architecture is shown in Figure 3.1. Three linear embed-
ding layers encode the states s,, noise o; and the noisy actions a, into a
linear representation of the same dimension, I(s), [4(a), [;(0). In addition,
the position embedding information is added to the linear representations.
The noise embedding is concatenated with the desired future states and all
state-noise-action pairs in a large sequence for the model. To take advantage
of the causal masking in the transformer, we concatenate the goal sequence
before the current observation sequence [31], allowing for a sequence of goal
states. All variants of BESO are flexible enough to encode either future state
goals or language-based objectives. This is achieved through the integration
of a pre-trained CLIP Text model [156], which transforms a sentence into
a corresponding latent vector, thereby enabling learning from text instruc-
tions. To encode images, we leverage ResNets-18 with spatial softmax pooling
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| GeBe C-IBC LMP RIL C-BeT CX-Diff BESO CFG-BESO  Seq-BESO
Block-  Rew. | 0.13 (+0.04) 046 (£ 0.06) 0.04 (+0.03) 006 (+0.01) 0.91(£003) 093 (x0.03) 0.96(x0.02) 0.97 (x0.02) 0.95(+0.03)
Push  Res. | 0.13(£0.04) 0.29(+0.10) 004 (£0.03) 0.02(+001) 087(£0.07) 0.90 (+004) 0.93(x0.02) 0.88(004) 092 (£0.03)
Relay- Rew. | 2.65(+0.25) 050 (£0.09) 145 (+0.22) 031(£0.15) 273 (x0.28) 3.64(x0.14) 3.98(£007) 3.98(£007) 359 (+0.08)
Kitchen Res. | 2.57 (£0.26) 045 (0.08) 141 (£022) 023 (x0.11) 269 (£028) 335(x0.15) 3.75(+0.08) 347 (+0.08) 3.33 (+0.09)

Table 3.1.: Average performance of policies on the conditioned block-push
and kitchen environment. Results are averaged over 10 seeds with 100 rollouts
each. Rew. denotes total reward for completing any task; Res. denotes completion of
the specified goals. The latent-plan baseline is LMP. BESO and CFG-BESO consistently
outperformed all baselines, despite using only 3 inference steps. Both variants of
BESO show a low deviation across seeds, indicating their robustness.

instead of global average pooling and Group Norm [27]. For our language-
conditioned experiments, we use additional FiLM-conditioning [149] for the
ResNets to condition the latent representation in the ResNet on the language
instruction by using feature-wise modulation. We present two variants of
our proposed model architecture:

« BESO: an autoregressive-Decoder architecture, that predicts a single
action at every timestep. The default architecture is visualized on the
right part of Figure 3.1.

+ Seq-BESO: Inspired by the action chunking concept from [222, 27],
this variant forecasts the subsequent H actions in a single stride. The
depiction of this action chunking decoder architecture is available
in Figure 3.2.

Our empirical observations indicate that both models exhibit particular
strengths and weaknesses contingent upon the environment’s specific re-
quirements.

3.4. Evaluation

The objective of our experiments was to answer the following key ques-
tions:

« (I) Is BESO competitive on goal-conditioned environments against
SoTA baselines?
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« (II) Does Classifier-Free Guidance work for goal-conditional behavior
synthesis?

« (III) How effectively does BESO learn from limited demonstrations?

« (IV) How does our method perform in challenging long-horizon set-
tings?

+ (V) How good is BESO in capturing the multimodality in human be-

havior?

+ (VI) What are the key components to enable fast sampling of Diffusion
policies with good performance?

To answer these questions, we evaluated BESO and its variants CFG-BESO
and Seq-BESO in five different challenging simulation scenarios with various
ablation experiments. First, we introduce the baselines, that are compared
against different BESO versions. Afterward, we will discuss every research
question with related experiments to answer them.

3.4.1. Comparative Evaluation

N
T A -m
| % s

[a] Push from inside [b] Push from outside

Figure 3.3.: Overview of the Aligning task for testing the multimodality
of different policies. The robot is tasked with pushing the box to a randomly
generated target position. The dataset contains 1000 human recorded demonstra-
tions with 500 trajectories for each behavior.
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‘ Aligning

‘ Success Rate Entropy
BC-MLP | 0.708 (+ 0.052) 0.0 (+ 0.0)
IBC 0.638 (+ 0.027)  0.300 (+ 0.048)
BeT 0.645 (+ 0.069)  0.536 (+ 0.105)
BESO 0.861 (+ 0.016) 0.711 (+ 0.030)

Table 3.2.: Evaluation of different policy representations on the Aligning
Task. We report the average success rate and a measurement of the Entropy, that
measures the multimodality on different methods. BESO achieves the highest
success rate and entropy.

3.4.1.1. State-based Simulation Experiments.

First, BESO, CFG-BESO, and Seq-BESO are tested against various methods
on two established benchmarks for imitation learning: the Block-Push En-
vironment [47] and the Relay Kitchen Environment [57]. We used the
adapted goal-conditioned variant [31]. Both environments are depicted in
Figure 2.4 and Figure 2.5 and described in Section 2.3.5.2 and Section 2.3.5.1.
We used the same experiment settings as described in [31] to allow for fair
comparisons. The methods were evaluated on two metrics in the two envi-
ronments: result evaluates how many of the desired goals of each rollout are
achieved, while reward measures the overall performance by giving credit
for reaching any goal defined in the environment.

Baselines. We compare BESO against several SOTA methods:

Goal-conditioned Behavior Cloning (GCBC) learns an unimodal policy
encoded as an MLP trained with an MSE loss [119].

Relay Imitation Learning (RIL) is a hierarchical policy, that learns a high-
level sub-goal generator, which is used to condition a low-level policy [57].

Latent Motor Plans (LMP & HULC) are hierarchical goal-conditioned
policies, which consist of a seq2seq CVAE and an action decoder policy [119].
For state-based and image-only environments we use the LMP baseline [119].
For the challenging CALVIN benchmark, we use HULC, which has an adapted
KL-weighting term and a transformer encoder with a discrete latent planning
space optimized for this setting [129].
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Conditional Implicit Behavior Cloning (C-IBC) uses an energy-based
model as an implicit policy [47]. We use a goal-conditioned extension of IBC
to study the importance of the selected generative model architecture to learn
multimodal behavior.

Conditional-Behavior Transformer (C-BeT) is a GPT-like transformer-
based policy, that predicts discrete action labels together with a continuous
offset vector to learn multimodal behavior [172, 31]. The action labels are
determined a priori via K-means clustering.

Diffusion-X (CX-Diff) [147] is a DDPM [66] based policy with improved
inference. It uses stochastic sampling and additional X-extra inference steps
at the lowest noise level to synthesize actions in 50+X steps. While per-
forming only slightly worse than the closely related KDE-Diff [147] it has a
significantly lower computational cost.

To ensure a fair evaluation of all methods we kept the general hyperparame-
ters, e.g., layer size and number, as consistent as possible while tuning the
method-specific hyperparameters. Additionally, we evaluated all models on
the kitchen and block-push task with 10 seeds and 100 rollouts each. Given
the high computational costs and time of training models for CALVIN and
the Alignment task, we restricted the tested methods to 3 seeds and limited
the most competitive methods to these challenges.

Results. The results are summarized in Table 3.1. BESO consistently out-
performs all baselines on both tasks across 10 seeds. The low variance of
BESO, additionally, indicates the robustness of our approach. In these ex-
periments, BESO outperforms its action chunking Seq-BESO variant in all
metrics. Among the baselines, Diffusion-X and C-BeT perform well on the
kitchen task and block-push environment, respectively.

These results are particularly notable given that BESO uses only 3 denoising
steps, compared to CX-Diff which requires 50 stochastic steps plus 8 additional
refinement steps at the lowest noise level. By contrast, CX-Diff, when limited
to 3 denoising steps, only managed an average result of 2.74(+0.26) in the
kitchen environment. On a modern desktop PC, BESO requires around 0.012
seconds to predict an action, while the CX-Diffusion model needs an average
of 0.15 seconds. BESO is 10 times faster. Overall, our results indicate that
all BESO variants are competitive against SOTA baselines and capable of
effectively learning from play data, making it a promising approach for goal-
conditioned behavior learning.
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3.4.1.2. Multimodal Behavior Experiment

After verifying the general performance of score-based diffusion policies
in state-based settings, we want to evaluate the multimodality of diffusion
policies in a separate experiment.

Prior tasks in the relay kitchen and block push setting already showed the
ability of BESO and Seq-BESO to capture multimodal behavior. However, in
these goal-conditioned settings, it is difficult to analyze the ability of score-
based diffusion policies to capture the diversity of human demonstrations.
Thus, we conduct a separate experiment in the Aligning task from the D3IL
benchmark [78]. The task requires agents to navigate a box to a target
location with two possible ways to solve the task. The dataset includes 500
demonstrations for each solution mode, employing the entropy metric to
compare the multimodality of score-based diffusion policies against baseline
models. The task and its two distinct behaviors to solve it are visualized
in Figure 3.3. Agents get a full credit for successfully reaching the target
position. In this experiment, we compare BESO against IBC and BeT, two
recent frameworks, that report strong performance in learning multimodal
behavior.

Results, summarized in Table 3.2, highlight BESO’s superiority in both average
success rate and entropy, evidencing its proficiency in learning multimodal
behavior. While IBC and BeT also capture multimodal behavior, their suc-
cess rates lag behind the standard BC baseline. Conversely, BESO not only
augments average performance by 20% but also ensures high behavioral di-
versity. These results address Research Question (V), demonstrating that
diffusion policies capture diverse behavior better than alternative
policy representations without sacrificing performance.

Combined with the state-based experiments in Section 3.4.1.1, we can answer
Question (I) in the affirmative: BESO surpasses current SoTA baselines on
goal-conditioned environments.

3.4.1.3. Performance on low-data regimes
We test the ability of BESO to learn from few demonstrations on the Aligning

task from the multimodal experiment. The results of this experiment are
summarized in Figure 3.4. BESO achieves the highest success rate and entropy
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MLP = IBC == BeT =— BESO
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Figure 3.4.: Ablation study on dataset size: performance on the Aligning task
when training on different fractions of the dataset. BESO outperforms all other
policy representations in all dataset sizes in success rate and entropy of learned
solutions. In addition, BESO has the lowest standard deviations.

on all dataset splits and shows strong performance even when trained on only
10% of the full dataset. Moreover, BESO exhibits the most diverse behaviors
across all smaller dataset splits. These results answer Question (III): score-
based diffusion policies learn effectively from small datasets.

3.4.1.4. Image-based Goal-Conditioned Experiments

Before scaling to language-conditioned multi-task learning, we evaluate
BESO variants on image-based goal conditioning using the CALVIN image-
only benchmark [167]. The dataset comprises 6 hours of unstructured play
data with a single static RGB camera. Crucially, goal images are sampled
from states not seen during training, with the end-effector positioned away
from the task-relevant objects—requiring policies to infer the necessary state
changes rather than simply imitating end-effector positions.

Figure 3.5 summarizes results on 13 individual tasks and 2-task sequences.
Seq-BESO achieves the best performance in both settings, with the autoregres-
sive BESO variants ranking second. The performance gap between Seq-BESO
and autoregressive BESO is substantially larger in image-based settings than
in the state-based experiments of Section 3.4.1.1. We attribute this to action
chunking providing temporal consistency that compensates for the partial
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Figure 3.5.: Performance on the CALVIN image-only benchmark. Left: average
success rate on 13 individual tasks. Right: success rate when conditioned on a single
goal image requiring completion of 2 sequential tasks.

observability inherent in image conditioning. Based on these findings, subse-
quent image-based experiments use Seq-BESO.

3.4.1.5. Language-Conditioned Multi-Task Experiments

Next, we evaluate Seq-BESO on the CALVIN benchmark [130] to assess long-
horizon task completion, zero-shot generalization, and scaling with dataset
size. We compare against HULC [129], the prior SoTA, and C-BeT [31] re-
implemented with identical encoders for fair comparison. Details on baselines
and hyperparameters are provided in Appendix A.2.

Results. Table 3.3 summarizes results across three CALVIN settings.

Single-environment training (D— D). Seq-BESO achieves an average rollout
length of 3.19, a 19% improvement over HULC (2.68).

Zero-shot generalization (ABC— D). When tested on environment D after
training only on A, B, and C, Seq-BESO maintains an average rollout length
of 2.06—a relative drop of only 35% from the D—D setting. In contrast, HULC
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Train— Test Method ‘ No. Instructions in a Row (1000 chains)

| 1 2 3 4 5 Avg. Len.
HULC 82.5%  66.8%  52.0%  393%  27.5%  2.68+(0.11)
D—D C-BeT 62.6%  300%  125%  4.3% 1.6%  1.11x(0.15)
Seq-BESO | 89.4% 74.0% 61.1% 51.7% 42.6% 3.19+(0.06)
HULC 41.8%  16.5% 5.7% 1.9% 1.3% 0.67+(0.10)
ABC—D C-BeT 44.6%  164%  5.5% 2.0% 0.2%  0.69+(0.02)
Seq-BESO | 76.9% 53.3% 35.8% 24.2% 16.1%  2.06+(0.13)
HULC 88.9%  733%  58.7%  47.5%  383%  3.06x(0.07)
ABCD—D C-BeT 80.3%  54.0% 32.0% 18.8%  10.3%  1.94+(0.08)

Seq-BESO | 93.6% 87.3% 81.0% 74.9% 67.7%  4.05+(0.04)

Table 3.3.: Performance of Seq-BESO and baselines on the CALVIN bench-
mark. We evaluate on three settings: single-environment training (D—D), zero-shot
generalization (ABC—D), and large-scale multi-environment training (ABCD—D).
All methods are tested on environment D following the protocol of [130]. Results are
averaged over 1000 rollouts with instruction chains of 5 tasks and 3 random seeds.

drops by 75%, struggling to complete even one task on average. This demon-
strates that diffusion policies learn more transferable representations.

Large-scale training (ABCD— D). With access to all four environments (22,966
sequences), Seq-BESO achieves 4.05 average rollout length, outperforming
HULC by 32%. Notably, Seq-BESO benefits more from additional data: per-
formance improves by 27% from D-only to ABCD training, compared to 14%
for HULC.

These results answer Question (IV), demonstrating that score-based diffusion
policies excel at long-horizon tasks, generalize effectively to novel scenes,
and scale efficiently with dataset size.

3.4.1.6. Real World Play Experiments

Finally, we evaluate BESO in a challenging real-world play kitchen setup
across 10 different tasks collected by human experts. This evaluation aims
to assess BESO’s suitability as a policy for real-world applications. Detailed
overview of the data collection and kitchen setup is summarized in Sec-
tion 2.3.5.6.
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Pull oven tray Open Oven Push toaster lever

Figure 3.6.: Visualization of Seq-BESO rollouts in the play kitchen. The rollouts
demonstrate BESO’s capability to handle complex manipulation tasks involving artic-
ulated objects and requiring precise actions. BESO can efficiently perform a diverse
set of tasks with only a few demonstrations.

Dataset. The evaluation encompasses 10 distinct tasks from the 20-task
repertoire of our real-world play kitchen. We use the same play-data collection
as the FLOWER experiments in Chapter 6; the chapters evaluate different
task subsets. Data collection involved three human experts who generated
long-horizon play data through leader—follower teleoperation, kinesthetically
guiding a second Panda robot as the leader. To ensure diversity, data collectors
were instructed to complete tasks in arbitrary order, resulting in 45 minutes
of play data.

Next, we segment and annotate short-horizon sequences from the dataset
with language descriptions of the tasks. The final language-annotated dataset
comprises 417 short-horizon sequences of language-annotated trajectories.
This shared 417-segment, 45-minute collection is used for BESO’s ten-task
evaluation here and FLOWER’s twenty-task evaluation in Chapter 6. MDT
uses the separate 4.5-hour collection described in Section 4.4.3. The policies
learn to predict a sequence of 10 future joint states conditioned on two camera
images at 6Hz. Given the relatively small number of individual trajectories for
each task compared to related real-world datasets, we co-trained our policies
on 1k trajectories from the large-scale diverse DROID dataset [85]. Samples
from our dataset and DROID were weighted equally at 0.5 to ensure that
the policy had an equal likelihood of encountering samples from both our
kitchen play dataset and DROID.

An overview of 3 tasks used for evaluation is provided in Figure 3.6 while the
remaining 7 tasks are visualized in Figure A.1 in the Appendix. For evaluation
each policy is tested 10 times from a starting position not seen in training
with some added noise to it.
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During our experiments, we further varied the orientation of the banana
slightly for the robot to pick up, while we kept the toaster in the same
position during all our experiments. Policy training was conducted on real
robot data for 24 hours using 4 GPUs for 100k steps. Checkpoint selection
was based on the lowest validation loss to guarantee a fair comparison.

Baselines. We compare SEQ-BESO against a transformer-based GCBC base-
line that employs a GPT-based Transformer Policy with action chunking
without diffusion. Both models use a history length of 1 and predict 10 actions.
This comparison aims to investigate the impact of using a diffusion-based
policy objective. To ensure a fair comparison, identical hyperparameters and
training duration is applied for both models.

Task | GCBC Seq-BESO
Pot from right stove to sink 40% 100%
Pot from sink to right stove 0% 70%
Open oven 10% 100%
Pull oven tray 0% 100%
Open microwave 40% 100%
Close microwave 20% 90%
Banana from right stove to sink 20% 90%
Banana from sink to right stove 0% 90%
Push toaster lever 0% 60%
Pickup toast and put to sink 0% 40%
Mean 13% 84%

Table 3.4.: Evaluation results for play kitchen for Seq-BESO and GCBC. The
results are averaged over 10 rollouts each.

Results. We present the average results across all tasks, each averaged over
10 rollouts, in Table 3.4. Our findings demonstrate that BESO outperforms
the GCBC policy by a wide margin and achieves a high success rate across
all tasks. These results reinforce our simulation findings and provide strong
evidence that BESO is an effective policy for real-world manipulation. We
additionally provide videos of policy rollouts on our project webpage.
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Figure 3.7.: Ablation study for different deterministic solvers for BESO. Results
are reported on the relay kitchen and block-push environment and averaged over 100
rollouts with 3 seeds each.

3.4.2. Ablations

This section covers key ablations of BESO to analyze various components
and their impact to the final performance.

3.4.2.1. Classifier-Free Guidance Experiments

We address Question (II) by evaluating the effect of Classifier Free Guidance
(CFQG) for action generation with goal-conditioned policies in the autoregres-
sive step-based setting. CFG-BESO uses dropout on the goal during training
to learn a goal-dependent score and independent score together. During
test time the parameter A controls, how the joint score of both these mod-
els is composed to diffuse actions. For A = 0, the model predicts actions
with its goal-independent policy only, and for values A > 1, the score of the
goal-conditioned policy has a higher influence on the joint score.

We test CFG-BESO with different values of A, to study the performance of
CFG in two environments. Figure 3.8 demonstrates that CFG effectively
guides goal-conditioned behavior. The average result for optimal A values
for the block-push and kitchen tasks is slightly worse than the standard goal-
conditioned variant, while the average reward is equal. The performance
of the CFG-model with A = 0, which results in the model omitting all goal-
conditioning demonstrates, that CFG-BESO is capable of learning a well-
performing, unconditional policy 7 (a|s).

The low average result in Figure 3.8 shows that the policy ignores the goal
state and aims to achieve a high reward solely based on the current state. By

62



3.4. Evaluation

Block-Push Env Kitchen Env
1 [ I [ [ T T T T
s T
£ 08
g
3
= 0.6
()
ol
4 | | | | | | | |
0 0 1 2 3 4 5 0 1 2 3 4 5

— CFG-BESO Reward BESO Reward
——  CFG-BESO Result === BESO Result

Figure 3.8.: Comparison of CFG Method for GCIL from Play Data. For CFG-
BESO we evaluate the 10 seeds on 100 rollouts each with different A values. The CFG
variant of BESO has a slightly worse average result in both environments with similar
rewards. When using A = 0, we can recover an unconditional policy, that performs
random rollouts with high rewards and low results.

increasing the CFG parameter A the model shifts its behavior towards solving
defined goals. This gives CFG-BESO a unique advantage over common play-
based policies. However, CFG has a trade-off: it slightly lowers the average
result for more diverse rollouts.

Empirical evaluations suggest the best A value is 1.25 for most tested envi-
ronments. In this setting, the score used in the action generation process
is composed of two scores: the unconditional one and the goal-conditioned
variant. These results demonstrate that several diffusion policy scores can
be composed together during inference and achieve competitive results. Ex-
periments with higher values resulted in a lower average performance in
environments with high-dimensional action spaces, indicating instability in
the action generation. We hypothesize that the guidance provided by the goal-
conditioning is only crucial in certain steps during the rollouts, specifically
when the policy is deciding which task to solve.
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3.4.2.2. BESO Policy Ablations

We answer Question (VI) by evaluating different components of BESO to
study their contribution to the overall performance.

Conditioning Method. First, we evaluated different methods to condi-
tion the behavior generation on the desired goal state. We tested the FiLM-
conditioning [149] and the sequential conditioning method used in C-BeT
[31]. FiLM requires additional MLP models, which input the goal and scale
the latent representations inside the transformer layers. The sequential con-
ditioning method simply includes desired goal-states at the beginning of our
sequence as depicted in the model overview of Figure 3.1. We tested both
conditioning variants using the same transformer score model and evaluated
it on the block-push and kitchen environment on 10 seeds. FiLM condition-
ing resulted in a performance drop compared to the sequential conditioning
method from an average result of 0.93 to 0.91 and 3.76 to 3.4 on the block-push
and kitchen environment respectively. Moreover, the FILM method increases
the overall model capacity. Hence, BESO uses the sequential conditioning
method.

Sampling Algorithm. BESO generates actions by numerically approximat-
ing the reverse ODE with its learned score-model starting from a sample
generated from our Gaussian prior distribution pr. We investigated several
numerical sampling algorithms used in diffusion research, such as DDIM
[184], DPM [115], DPM++ [115], and Heun [83], to assess their contribution
to BESO’s performance. The samplers were evaluated on the block-push and
kitchen environments with a different number of denoising steps. The results
show that the performance gap between the individual samplers is small,
with DDIM achieving the best average performance for a low number of infer-
ence steps. DPM++(2S) a variant of the DPM solver achieves the second best
performance on average [116]. Surprisingly, the second-order Heun solver
has the worst average performance. Overall BESO is robust to the number of
sampling steps and chosen sampler type, maintaining a similar performance
from 3 to 50 inference steps. Given the increase in computational cost during
inference we use 3 denoising steps in our experiments.

Stochastic vs. Deterministic Sampling. Current diffusion literature sup-
ports the assumption that stochastic samplers have a better overall perfor-
mance compared to deterministic samplers [83, 188]. We tested this assump-
tion with respect to step-based action generation. We evaluated the same

64



3.4. Evaluation

‘ Deterministic Stochastic

Block- Reward 0.97 (£ 0.02)  0.97 (£ 0.02)
Push Result 0.93 (£ 0.02)  0.92 (% 0.03)
Relay- Reward 3.95 (£ 0.10)  4.03 (+ 0.07)
Kitchen  Result 3.73 (£ 0.11)  3.80 (+ 0.08)

Hard Tasks | 0.71(x0.01)  0.68 (+ 0.03)

CALVIN ) Tasks 0.79 (£ 0.03)  0.79 ( 0.02)

Table 3.5.: Evaluation of the Influence of Noise Injection for the performance
of BESO. Results are averaged over 2 samplers with and without random noise
injection.

models with 2 sampling algorithms DPM++(2S) and the Euler sampler [116,
83], each with and without noise injection. The noise scheduling was per-
formed via the ancestral sampling strategy, as used in the DDPM variant [66,
188]. Experiments were again conducted in three environments. As shown
in Table 3.5, the results suggest that the addition of noise does not offer a
significant benefit to the action generation of step-based diffusion policies.
Stochastic samplers only increase the average performance in the kitchen en-
vironment. The discrepancy compared to common diffusion applications such
as image synthesis [34] could be rooted in high-dimensional image spaces,
making the generation process more difficult and requiring more steps for
good results. In these high-dimensional spaces, errors are more likely to occur
and accumulate over time. Adding noise during the inference process helps
the model to correct errors of the gradient approximation, resulting in a bet-
ter overall performance [83]. In contrast, step-based action-distributions are
significantly lower dimensional than the high-dimensional latent spaces of
image generation, hence, the addition of noise does not appear to benefit the
average performance of step-based policies, as supported by our experimental
results.

Discretization of Time Steps. Next, we analyze the importance of the time
steps discretization for inference of score-based diffusion policies. The time
steps function determines how noise levels are distributed over the discrete
steps. Our empirical evaluation summarized in Table 3.6. Linear time steps
achieve the highest reported mean scores in this comparison; Karras and
exponential discretizations produce similar scores. The exponential sched-
ule remains the default of the published recipe described in Section 3.3.3,
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Block-Push Relay Kitchen

Sampler Type Reward Result ‘ Reward Result

Exponential | 0.96 (+ 0.02)  0.93 (+ 0.02) | 3.86 (£ 0.09)  3.74 (+ 0.09)
Linear 0.97 (£ 0.01) 0.94 (+0.01) | 3.98 (+ 0.08) 3.76 (+ 0.10)
IDDPM 0.95 (£ 0.01)  0.92 (+ 0.01) | 3.88 (£ 0.08)  3.67 (+ 0.09)
Karras 0.96 (£ 0.02)  0.93 (+ 0.03) | 3.96 (+ 0.08)  3.75 (+ 0.07)
VE 0.95 (£ 0.01)  0.93 (x 0.01) | 3.98 (£ 0.09)  3.75 (« 0.10)
VP 0.64 (£ 0.17)  0.61(x0.16) | 3.21(x0.12)  2.95 (+ 0.14)

Table 3.6.: Ablation for different time steps for denoising of BESO. Results are
averaged over 10 seeds and 100 rollouts each. All models use the DDIM solver with 3
denoising steps.

while this ablation motivates checking linear discretization for a new envi-
ronment.

3.4.2.3. Summary of Key-Findings

Across 54 tasks in 5 environments, BESO demonstrates three key properties:

1. Expressiveness and Multimodality: BESO captures multimodal
behavior without sacrificing accuracy, outperforming IBC and BeT on
entropy while achieving 20% higher success rates.

2. Scalability: Performance scales with dataset size (27% improvement
from D to ABCD on CALVIN) and generalizes to unseen environments
(35% relative drop vs 75% for HULC).

3. Efficiency: Three denoising steps suffice for state-based tasks, achiev-
ing 10X faster inference than CX-Diff.

For image-based settings, Seq-BESO with action chunking is recommended;
for state-based settings, autoregressive BESO performs best.

3.4.3. Limitations

BESO shows strong performance in different environment settings in learning
goal-conditioned behavior from future desired states, images, and language.
However, several limitations remain:
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1. Training Speed. While BESO and other Diffusion Policies train sig-
nificantly faster than Energy-based Models, their training speed is still
slower compared to default Behavior Cloning baselines.

2. Inference Speed. Diffusion Policy inference still requires several
denoising steps in a forward pass to generate the next actions. While
our improvements lead to a significant speed-up compared to concur-
rent diffusion policy designs, the lower speed compared to explicit
policies remains. However, recent work in Consistency Models [187]
and Score-Distillation methods [168] show promising results to reduce
the number of denoising steps to a single forward pass.

3. Multimodal Goals. Our proposed architecture is only able to learn
from either language goals or image goals and cannot learn from
multiple goal modalities simultaneously.

4. Online Learning. BESO, in its current form, is unable to utilize new
samples to improve performance post-training. The score-matching
objective requires recorded demonstrations and cannot be inferred
from a reward, as this would require differentiation through the com-
plete score-ODE. The problem of differentiation through the complete
Score-ODE is a challenging and active area of research [197].

Future work could explore ways to incorporate recent theoretical findings to
develop new algorithms for diffusion policies to leverage new samples and
adapt its policy on the fly.

3.5. Conclusion

We introduce BESO a novel policy representation for goal-conditioned im-
itation learning, which leverages score-based diffusion models to generate
actions. We use the expressiveness and multimodal properties of score-based
diffusion models to learn task-agnostic behavior from offline, reward-free play
datasets, without requiring hierarchical structures or additional clustering.
In addition, we demonstrated the effectiveness of Classifier-Free Guidance
for simultaneously learning a goal-dependent and goal-independent policy
in a sequential setting.
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Experiments on several challenging GCIL benchmarks showed that BESO sig-
nificantly improves upon several SoTA GCIL algorithms. Our ablation studies
have demonstrated the key components of BESO that enable fast, determin-
istic behavior generation and detailed analysis to study the multimodality
aspect of score-based diffusion policies. It further outperformed standard
DDPM policies with only 3 denoising steps, alleviating prior drawbacks of
slow diffusion sampling.

While BESO demonstrates great performance as a standalone policy, it also
offers the flexibility to be seamlessly integrated into other hierarchical frame-
works as an action prediction policy.
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4. Multimodal Diffusion
Transformer: Learning
Versatile Behavior from
Multimodal Goals

Building on the score-based diffusion policy from Chapter 3, this chapter
addresses challenge C2: learning from partially labeled play data. While
BESO established an expressive policy backbone, it relies on unimodal goal
definitions and cannot leverage datasets where only a fraction of demonstra-
tions contain language annotations. MDT overcomes this limitation through
two self-supervised objectives: CLA aligns goal-conditioned representations
across modalities using contrastive learning, while MGF enforces that the
policy’s latent space encodes sufficient information to predict future visual
states. Together with an improved transformer architecture, these objectives
enable MDT to achieve state-of-the-art performance while requiring less than
10% of the parameters of competing methods.

The content of this chapter is based on the paper Multimodal Diffusion Trans-

former: Learning Versatile Behavior from Multimodal Goals (Moritz
Reuss, Omer Erding Yagmurlu, Fabian Wenzel, Rudolf Lioutikov, 2024), published
in Robotics: Science and Systems (RSS). Wording, notation, and formulations
were revised for this thesis.

4.1. Introduction

Future robot agents need the ability to exhibit desired behavior according to
intuitive instructions, similar to how humans interpret language or visual
cues to understand tasks. Current methods, however, restrict conditioning
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on either language instructions [180, 208] or visual goals [31, 162]. This
restriction limits training to fully-labeled datasets, which is not scalable for
creating versatile robotic agents.

Natural language commands offer the greatest flexibility to instruct robots,
but training language-conditioned policies requires large, fully-annotated
datasets that are time-consuming to collect [117, 118]. In contrast, LfP datasets
are fast to collect but contain sparse language annotations [119, 130]. Existing
methods cannot efficiently leverage such partially-labeled data.

This chapter introduces MDT, a diffusion-based approach that learns from
multimodal goals—both language and images—simultaneously. Building
on the score-based diffusion policy from Chapter 3, MDT adds two self-
supervised objectives to handle sparse language labels: CLA aligns goal-
conditioned representations across modalities using contrastive learning,
while MGF enforces that the policy’s latent space encodes sufficient infor-
mation to predict future visual states. These auxiliary losses improve perfor-
mance without additional inference cost.

MDT achieves SoTA results on CALVIN [130], a popular benchmark for
language-guided learning from play data comprised of human demonstra-
tions with few language annotations. On CALVIN ABCD—D, MDT-V in-
creases the average rollout length from RoboFlamingo’s 4.09 to 4.52, a gain
of 0.43 completed tasks (10.5% relative), with fewer than 10% of its trainable
parameters and without additional policy pretraining. The results show that
MDT is even competitive to state-of-the-art methods, that are trained on
the fully annotated dataset. Through a series of experiments and ablations,
the efficiency of the method and the strategic design choices are thoroughly
evaluated. The major contributions of this chapter are threefold:

« We introduce Multimodal Diffusion Transformer, a novel Transformer-
based Diffusion approach. MDT excels in learning from multimodal
goals, sets a new state-of-the-art performance on the CALVIN Chal-
lenge, and achieves strong results on LIBERO with sparse language
annotations.

« Two simple yet effective self-supervised losses for visuomotor policies
to improve learning from multimodal goals. MGF and CLA improve
the performance of multi-task behavior learning from sparsely labeled
datasets without additional inference costs.
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Figure 4.1.: Overview of MDT. (Left) Overview of the proposed multimodal
Transformer-Encoder-Decoder Diffusion Policy used in MDT. (Right) Specialized
Diffusion Transformer Block for the Denoising of the Action Sequence. MDT learns a
goal-conditioned latent state representation from multiple image observations and
multimodal goals. The camera images are processed either via frozen Voltron Encoders
with a Perceiver or ResNets. The separate GPT denoising module iteratively denoises
an action sequence of 10 steps with a Transformer Decoder with Causal Attention.
It consists of several Denoising Blocks, as visualized on the right side. These blocks
process noisy action tokens with self-attention and fuse the conditioning information
from the latent state representation via cross-attention. MDT applies adaLN condition-
ing [148] to condition the blocks on the current noise level. In addition, it aligns the
latent representation tokens of the same state with different goal specifications using
self-supervised contrastive learning. The latent representation tokens are also used
as a context input for the masked Image Decoder module to reconstruct masked-out
patches from future images.

+ A comprehensive empirical study covering 184 tasks (34 in CALVIN,
130 in LIBERO, and 20 on the real robot) across several benchmarks,
verifying the performance and effectiveness of MGF and MDT.

4.2. Related Work

Language-Conditioned Robot Learning Language is an intuitive and un-
derstandable interface for human-robot interactions with active research
for language-guided learning methods within the robotics community. A
growing body of work uses these models as feature generators for vision
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and language abstractions for downstream policy learning [180, 127, 9, 129,
118, 25, 210] and improved language expression-grounding [52, 74, 159, 212,
189]. Notably, methods like CLIPort [179] employ frozen CLIP embeddings
for language-guided pick and place, while others, such as PaLM-E [39] and
RoboFlamingo [105], fine-tune vision-language models for robot control.
Other methods focus on hierarchical skill learning for language-guided ma-
nipulation in LfP [130, 119, 127, 167, 223, 202]. Further, transformer-based
methods without hierarchical structures [226, 31, 162, 208, 172, 170], focus
on next-action prediction based on previous observation tokens. MT-ACT,
for instance, utilizes a VAE transformer encoder-decoder policy, encoding
only the current state and a language goal to generate future actions [9, 49,
222].

Furthermore, diffusion-based methods have gained adoption as policy rep-
resentations that iteratively diffuse actions from Gaussian noise [66, 1838].
Several diffusion policy approaches focus on generating plans on different
abstraction levels for behavior generation. LCD [220] trains a diffusion model
to diffuse a latent plan sequence in pre-trained latent spaces of HULC [129]
combined with HULC’s low-level policy. UniPi [41] and AVDC [92] directly
plan in the image space using video diffusion models and execute the plan
with another model. Frameworks related to MDT are Distill-Down [58] and
Play-Fusion [25], which also utilize diffusion policies for language-guided
policy learning. Both methods use variants of the CNN-based diffusion pol-
icy [27]. However, all these methods require fully annotated datasets to learn
language-conditioned policies. MDT effectively learns from multimodal goals,
enabling it to leverage partially annotated datasets.

Self-Supervised Learning in Robotics An increasing body of work in
robotics studies self-supervised representations for robot control. A key area
is learning universal vision representations or world-models, typically trained
on large, diverse offline datasets using either masking strategies [82, 63, 51,
213, 171, 124] or contrastive objectives [55, 143, 173, 218, 136, 95, 6, 123, 158].
Another body of work explores robust representations for robot policies from
multiple sensors, using token masking strategies [157] or generative video
generation [208]. However, these methods require specific transformer mod-
els that rely on a long history of multiple states, which is a limitation for token
masking and video generation techniques. Notably, Crossway-Diffusion [104]
proposes a self-supervised loss specifically designed for CNN-based diffusion
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policies [27] by redesigning the latent space of the U-net diffusion model to
reconstruct the current image observation and proprioceptive features for
better single task performance.

In order to predict a sequence of future actions efficiently, some recent ap-
proaches deploy transformer-based policies that encode only the current state
information without any history of prior states [9, 49, 222]. Traditional token
masking strategies [157] or video generation objectives [208] that rely on
token sequences of multiple states for pretraining are incompatible with such
single state models, since they rely on a history of prior states. MGF and CLA
objectives enhance the capabilities of these single-state observation policies.
MGEF and CLA enable learning of versatile behavior from multimodal goals
efficiently and without additional inference costs and can also be used for
pretraining on action-free data.

Behavior Generation from Multimodal Goals While recent advancements
in goal-conditioned robot learning have predominantly focused on language-
guided methods, there is a growing interest in developing agents capable
of interpreting instructions across different modalities, such as goal images,
sketches, and multimodal combinations. Mutex [174] presents an imitation
learning policy that understands goals in natural speech, text, videos, and
goal images. Mutex further uses cross-modality pretraining to enhance the
model’s understanding of the different goal modalities. Steve-1 [107] is a
Minecraft agent that uses a VAE encoder to translate language descriptions
into the latent space of video demonstrations of the task, enabling it to follow
instructions from both videos or text descriptions. Other research efforts are
exploring novel conditioning methods. Examples include using the cosine
distance between the current state and a goal description from fine-tuned
CLIP models [171] or employing multimodal prompts [81] that combine
text with image descriptions. RT-Sketch and RT-Trajectory present two new
conditioning methods leveraging goal sketches of the desired scene [191] and
sketched trajectories of the desired motion [56], respectively. While MDT
primarily addresses the two most prevalent goal modalities, namely text and
images, our framework is in theory versatile enough to incorporate other
modalities like sketches.
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4. MDT: Multimodal Diffusion Transformer

4.3. Method

MDT is a diffusion-based transformer encoder-decoder architecture aug-
mented with two self-supervised objectives: CLA and MGF. We first define
the problem setup, then describe the diffusion formulation, model architecture,
and auxiliary objectives.

4.3.1. Problem Formulation

The goal-conditioned policy mg(a;.i+g-1 | Si, g) predicts an action chunk
of length H, conditioned on the current observation s; and a goal g. The
goal g € {o,1} is either an image o or a language instruction I. MDT learns
such policies from a set of task-agnostic play trajectories 7. Each trajectory
T € 7 is a sequence of state-action pairs 7 = ((sl, a,), ..., (st, aTn)), where
T, denotes the length of trajectory n. The dataset is constructed as D =
{(si, ai.i+H-1) | (81, a;) € T, 7 € T}. During training, a goal set G = {0, 1} is
created for each sample, where [ is the language annotation if available. The
goal image o; = s;4; is a future state where the offset j is sampled from the
geometric distribution with bounds j € [20, 50] and probability of 0.1. MDT
maximizes the log-likelihood across the play dataset,

Lolay =E Z Z log 7 (als, g) | - (4.1)

(s,a)€D ge€Gsa

4.3.2. Score-based Diffusion Policy

MDT models the goal-conditioned action distribution using the continuous-
time diffusion formulation from Chapter 3. Following Karras et al. [83],
a neural network Dy approximates the score function via denoising score
matching:

Lsm =Eo, qe [a(ot)||D9(a +€,58,9,0p) — a||§] , (4.2)

where € ~ N(0,57I). We use noise schedule o; = t with range [0.001, 80]
and the DDIM sampler [184] with N = 10 steps. For a detailed derivation, see
Section 3.3.
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Figure 4.2.: Visualization of the Masked Generative Foresight Auxiliary Task
of MDT. It starts by encoding the current observation and goal using the MDT
Encoder. The resulting latent state representations then serve as conditional inputs for
the Future Image-Decoder. This decoder receives encoded patches of future camera

images along with mask tokens. Its task is to reconstruct the occluded patches in
future frames.

The key difference from BESO is that MDT conditions on multimodal goals
g € {o,1} rather than unimodal goal states. This requires a specialized
architecture that encodes and aligns image and language goals, described
next.

4.3.3. Model Architecture

MDT uses a multimodal transformer encoder-decoder architecture to approx-
imate the conditional score function of the action sequence. The encoder first
processes the tokens from the current image observations and desired mul-
timodal goals, converting these inputs into a series of latent representation
tokens. The decoder functions as a diffuser that denoises a sequence of future
actions. Figure 4.1 illustrates the architecture in detail.

First, MDT encodes image observations of the current state from multiple
views with image encodings. This work introduces two encoder versions
of MDT: MDT-V, a variant with the frozen Voltron embeddings and MDT,
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4. MDT: Multimodal Diffusion Transformer

the default model with ResNets. The MDT-V encoder leverages a Perceiver-
Resampler to improve computational efficiency [2]. Each image is embedded
into 196 latent tokens by Voltron. The Perceiver module uses multiple trans-
former blocks with cross attention to compress these Voltron tokens into a
set of learnable latent tokens. For MDT we use 3 for all experiments. This
procedure results in a highly efficient feature extractor that capitalizes on
pretrained Voltron embeddings without introducing much computation over-
head. The MDT encoder uses a trainable ResNet-18 with spatial softmax
pooling and group norm [27] for each camera view. Each ResNet returns a
single observation token for every image. Both MDT encoder versions embed
goal images and language annotations via frozen CLIP models [156] per goal-
modality into a single token. After the computation of the embeddings, both
MDT variants apply the same architecture comprised of several self-attention
transformer layers, resulting in a set of informative latent representation
tokens.

The MDT diffusion decoder denoises the action sequence with causal masking,.
Cross-attention in every decoder layer fuses the conditioning information
from the encoder into the denoising process. The current noise level o; is
embedded using a Sinusoidal Embedding with an additional MLP into a latent
noise token. MDT conditions the denoising process to the current noise level
via AdaLN-conditioning on the Transformer Decoder blocks [148]. The right
part of Figure 4.1 illustrates this process, including all internal update steps.
The proposed framework separates representation learning from denoising,
resulting in a more computationally efficient model since the model only needs
to encode the latent representation tokens once. Further, the experiments
demonstrate that the proposed denoising model achieves higher performance
than prior Diffusion-Transformer architectures [27]. MDT uses the same set
of hyperparameters across all experiments.

4.3.4. Masked Generative Foresight

A key insight of this work is that policies require an informative latent space
to understand how desired goals will change the robot’s behavior in the near
future. Consequently, policies that are able to follow multimodal goals have
to map different goal modalities to the same desired behaviors. Whether a
goal is defined through language or represented as an image, the intermediate
changes in the environment are identical across these goal modalities. The
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proposed Masked Generative Foresight, an additional self-supervised auxiliary
objective, builds upon this insight.

Given the latent embedding of the MDT(-V) encoder for state s; and
goal g, MGF trains a ViT to reconstruct a sequence of 2D image patches
(ug,...,uy) = patch(s;y,) of the future state s;y,, with v = 3 being the
foresight distance used across all experiments in this work. A random subset
of U of these patches is replaced by a mask token. Even though the ViT now
receives both masked and non-masked patches only the reconstruction of
the masked patches contributes to the loss

Lucr (9) = 7 " () (a = )%, (43)

uepatch(siio)

where the indicator function 1,,(u) is 1 if u is masked and 0 otherwise.
Detailed hyperparameters for the model are summarized in Table B.2 of the
Appendix.

MGEF differs from existing approaches [104, 208], which require full recon-
struction of images or videos. While various other masking methods exist [82],
all of them aim to learn robust representations of the current state, while MGF
reconstructs future states to include foresight into the latent embedding.
MGF is conceptually simple and can be universally applied to all transformer
policies. Table B.5 in the Appendix shows that MGF increases the performance
of other popular imitation learning architectures like MT-ACT [9].

4.3.5. Aligning Latent Goal-Conditioned Representations

To effectively learn policies from multimodal goal specifications, MDT must
align visual goals with their language counterparts. A common approach
to retrieve aligned embeddings between image and language inputs is the
pre-trained CLIP model, which has been trained on paired image and text
samples from a substantial internet dataset [156]. However, CLIP exhibits a
tendency towards static images and struggles to interpret spatial relationships
and dynamics [212, 135, 129]. These limitations lead to insufficient alignment
in Multi-Task Imitation Learning (MTIL) since goal specifications in robotics
are inherently linked to the dynamics between the current state s; and the
desired goal g. Instead of naively fine-tuning the large 300-million-parameter
CLIP model, MDT introduces an auxiliary objective that aligns the MDT(-V)

77



4. MDT: Multimodal Diffusion Transformer

State Goal-img Language-img

» ol o2 ” - o “Stack the
g - ‘ Blocks

Language Goal-conditioned

State Embedding Latent Space of the Policy Image Goal-conditioned State
“Stack o Embedding
the ' a
o N
NN [\ ]
Goal-Img

Language Goal-conditioned
State Embedding

“Pick up
the Blue
Block”

Figure 4.3.: Visualization of Contrastive Latent Alignment (CLA). During train-
ing, we enforce same observation with different goal modalities to be close in the
multimodal latent space of the policy, while negative examples from other states with
other goals are pushed away using InfoNCE loss objective.

state embeddings conditioned on different goal modalities. These embeddings
include the goal as well as the current state information, allowing the CLA
objective to consider the task dynamics.

Since CLA requires a single vector for each goal modality, the various MDT-V
latent tokens are reduced via Multi-head Attention Pooling [82] and sub-
sequently normalized. MDT uses the embedding of the static image as a
representative token to compute the contrastive loss. Each training sample
with multimodal goal specification G = {o,1} is reduced to latent vectors
z? and zf for image and language goals respectively, where subscript i in-
dexes the batch. An intuitive example of this CLA objective is visualized in
Figure 4.3. CLA computes the InfoNCE loss using cosine similarity C(z?, zll)
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with temperature parameter v and batch size B. The full MDT loss combines
the Score Matching loss from Eq. (4.2), the MGF loss from Eq. (4.3), and the
CLA loss from Eq. (4.4):

Lyvpr = Lsm + aLycr + fLcra, (4.5)

where o = 0.1 and f = 0.1 in most experiment settings.

4.4, Evaluation

The experiments aim to answer the following questions:

« (I) Is MDT able to learn long-horizon manipulation from play data
with few language annotations?

+ (Ia) Do MGF and CLA enhance the performance of MDT?
« (IIb) Does MGF improve the performance of other transformer policies?

+ (Il) Can MDT learn language-guided manipulation from partially
labeled data in a real-world setting?

MDT is tested against several SoTA methods on both benchmarks. In addition,
we evaluate MDT in a real world play setting. For all experiments we use
a history length of 1 and use action chunk length of 10 for all simulation
experiments and 20 for the real world experiments.
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Figure 4.4.: Overview of the different environments used to test MDT. (Left)
CALVIN Benchmark consisting of four environments each with unique positions and
textures for slider, drawer, LED, and lightbulb. (Middle) Overview of the different
tasks and scene diversity in the LIBERO benchmark, which is divided into 5 different
task suites. (Right) Example tasks from the real robot experiments at a toy kitchen,
where models are tested after training on partially labeled play data.

4.4.1. Evaluation on CALVIN

The CALVIN challenge [130] (detailed description in Section 2.3.5.3) consists
of four environments (A, B, C, D) varying in desk shades and item layouts
(Figure 4.4). We evaluate on two settings: D—D (6 hours of play data) to study
data efficiency, and ABCD—D (24 hours across all environments) for multi-
environment scaling. All methods are evaluated on 1000 instruction chains
requiring 5 consecutive task completions, with only 1% of data annotated
with language descriptions.

Baselines. We compare our proposed policy against the following state-of-
the-art language-conditioned multi-task policies on CALVIN:

« HULC: A hierarchical play policy, that uses discrete VAE skill space
with an improved low-level action policy and a transformer plan en-
coder to learn latent skills [129].

« LCD: A hierarchical diffusion policy, that extends the HULC policy by
substituting the high-level planner with a U-Net Diffusion model [220]
to diffuse plans.

+ Distill-D: A language-guided Diffusion policy from [58], that extends
the initial U-Net diffusion policy [27] with additional Clip Encoder for
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Train  Method ‘ No. Instructions in a Row (1000 chains)

| 1 2 3 4 5 Avg. Len.

HULC 82.5% 66.8% 52.0% 39.3% 27.5%  2.68+(0.11)

LCD 88.7% 69.9% 54.5% 427% 322%  2.88+(0.19)

b Distill-D 86.7% 71.5% 57.0% 459% 35.6%  2.97+(0.04)
MT-ACT 88.4% 722% 57.2% 44.9% 353%  2.98+(0.05)

MDT (ours) 93.3% 82.4% 71.5% 60.9% 51.1% 3.59+(0.07)

MDT-V (ours) | 93.7% 84.5% 74.1% 64.4% 55.6% 3.72+(0.05)

HULC 88.9% 733% 58.7% 47.5% 383%  3.06+(0.07)

Distill-D 86.3% 72.7% 60.1% 51.2% 41.7%  3.16+(0.06)

ABCD  MT-ACT 87.1% 69.8% 53.4% 40.0% 29.3%  2.80£(0.03)
RoboFlamingo | 96.4% 89.6% 82.4% 74.0% 66.0%  4.09+(0.00)

MDT (ours) 97.8% 93.8% 88.8% 83.1% 77.0% 4.41+(0.03)

MDT-V (ours) | 98.6% 95.8% 91.6% 86.2% 80.1% 4.52+(0.02)

Table 4.1.: Performance comparison of various policies on the CALVIN
ABCD—D and D—D benchmark. The table shows the average rollout length
to solve 5 instructions in a row (Avg. Len.) of 1000 chains. The numerical results are
reproduced from Table I of the final RSS publication [163], including its reported +
values. MDT and MDT-V outperform the baselines included in that comparison. The
source's 0.00 entry for RoboFlamingo is retained as printed; its text states that no seed
standard deviation was available for this baseline.

language-goals. We use our continuous time diffusion variant instead
of the discrete one for direct comparison and extend it with the same
CLIP vision encoder to guarantee a fair comparison.

« MT-ACT: A multitask transformer policy [9, 222], that uses a VAE
encoder for action sequences and also predicts action chunks instead
of single actions with a transformer encoder-decoder architecture.

+ RoboFlamingo: A finetuned vision-language model [105] containing
3 billion parameters, that has an additional recurrent policy head for
action prediction. The model was pretrained on a large internet-scale
set of image and text data and then finetuned for CALVIN.

We adopt the recommended hyperparameters for all baselines to guarantee
a fair comparison and give an overview of our chosen hyperparameters for
self-implemented baselines in Appendix B.2. Further, we directly compare the
self-reported results of HULC, LCD, and RoboFlamingo on CALVIN [129, 220,
105]. The reimplemented baselines use the same language and image goal
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encoders as MDT; the self-reported baselines retain their original encoders.
Since RoboFlamingo only published the best seed of each model, we can not
include standard deviations in their results.

Results. The results of all our experiments on CALVIN are summarized in
Table 4.1. We assess the performance of MDT and MDT-V on ABCD—D and
on the small subset D—D. The results are shown in Table 4.1. MDT-V sets a
new record in the CALVIN ABCD—D challenge, extending the average rollout
length from RoboFlamingo’s 4.09 to 4.52: an increase of 0.43 completed tasks,
or 10.5% relative. MDT also surpasses all other tested methods. Compared
with RoboFlamingo, MDT uses fewer than 10% of the trainable parameters
and requires no additional policy pretraining; the frozen CLIP and Voltron
encoders retain their original pretraining. On D—D, MDT-V improves on
MT-ACT, the strongest baseline in the published RSS comparison, by 0.74
completed tasks, or 24.8% relative (3.72 vs 2.98). This comparison concerns
the baselines in Table 4.1; Seq-BESO is evaluated separately in Chapter 3. It
also outperforms LCD [220] and the other reported methods on this smaller
training set. While RoboFlamingo demonstrates commendable performance
on the complete ABCD dataset, it relies on substantial training data and
remains untested on the D—D subset. In contrast, MDT excels in both
scenarios with remarkable efficiency.

4.4.2, Evaluation on LIBERO

Method ‘ Lang Ann. ‘ Loia Luver ‘ Spatial Object Goal Long 90 Average

Transformer-BC [110] | 100% | x X | 718+37 71.00£7.9 763+13 242+26

Distill-D [58] | 2% | x X | 468428 72.0£65 63825 47341 49.9+10 56.0+34
2% x X 66.0+1.9 852+23 67.8+4.6 65.0+20 587+0.8 68.5+9.92

MDT 2% M X 743+08 87.5+27 71.5%35 65321 66917 73.1+881

: 2% x V| 675+21 87.5+26 69.3+25 63.0+17 626+10 70.0+102
2% v V| 785+15 87.5+09 73.5+20 648+03 67211 743+9.13

Table 4.2.: Overview of the performance of MDT and baselines with and
without our proposed Self-Supervised Losses on LIBERO Task suites. All
results show the average performance of all tasks averaged over 20 rollouts each and
with 3 seeds. MDT outperforms Transformer-BC in several settings with only 2% of
language annotations. Lang Ann. refers to Language Annotations. All numerical
entries, including the reported Average and + values, are reproduced verbatim from
Table II of the final RSS publication [163].
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We further evaluate models on LIBERO [110], testing their ability to learn
from partially labeled data by labeling only 2% of demonstrations with task
descriptions. For every task 50 demonstrations are provided but only 1
contains the respective language label. We evaluate on all five task suites
(LIBERO-Spatial, LIBERO-Goal, LIBERO-Object, LIBERO-90, and LIBERO-
Long) with 20 rollouts per task, averaged over 3 seeds. All policies use only
static and wrist-mounted cameras. These sparse-annotation experiments
differ from the fully language-labeled setting reported by Kim, Finn, and
Liang [88]. Their Table I gives MDT results of 95.2%, 97.8%, and 83.0% on
Spatial, Object, and Long, respectively, for training from scratch with 100%
language annotations on the original unfiltered dataset. Further details for
all task suites are provided in Section 2.3.5.4.

Baselines. For our experiments in LIBERO, we report the performance of
MDT, Distill-D and the best transformer baseline policy from the original
benchmark, which was trained with full language annotations [110].

Results. In the LIBERO task suites, summarized in Table 4.2, MDT proves
to be effective with sparsely labeled data, outperforming the fully language-
labeled Transformer-BC baseline on three of the four shared suites when
both auxiliary objectives are used. Even without auxiliary objectives, MDT
surpasses the U-Net-based Distill-D policy on every suite. Together, the
auxiliary objectives increase the published average success rate across the
five suites from 68.5% to 74.3%. Calculated from these reported averages, this
is a gain of 5.8 percentage points, or 8.5% relative. These outcomes highlight
the effectiveness of our architecture and affirmatively answer Question (I)
regarding learning from sparse annotations.

4.4.3. Real Robot Experiments

We investigate research question (III) by assessing MDT’s ability to learn
language-guided manipulation from partially labeled data in a real-world
setting.

Setup. We use the play kitchen environment described in Section 2.3.5.6 with
two static RGB cameras and normalized joint space actions.

Dataset. The dataset comprises approximately 4.5 hours of teleoperated play
data spanning 20 tasks. The BESO evaluation in Section 3.4.1.6 instead uses a
45-minute, 417-segment, 10-task dataset configuration; the evaluations share
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Model ‘ Avg. Single Task
MT-ACT 0.25 + 0.43
MDT 0.51 £ 0.50

MDT + Lycr + Lcra 0.58 + 0.49

Table 4.3.: Single-task results for MDT and Baselines in the play kitchen with
language goals. The average is computed over 5 rollouts for each of the 20 tasks.
The poor performance of MT-ACT showcases the difficulty of this experiment. MDT
performs significantly better with an additional boost through the auxiliary objectives.

the kitchen setup but use different training data configurations. Volunteers
collected long-horizon demonstrations without instructions on task order,
duration, or object choice. The resulting demonstrations vary from 30 to
450 seconds, containing 5-20 tasks each. We partially labeled the dataset
by randomly annotating task intervals, yielding 360 labels covering approxi-
mately 20% of the data. No additional preprocessing was performed beyond
trimming stationary states and cropping the teleoperator from camera views.
Training a single agent on 20 skills from such unsegmented, partially labeled
data presents a significant challenge. Detailed task descriptions are provided
in Figure 2.10.

Single Task Evaluation. First, we test several policies to complete various
single tasks from the play dataset. We test all policies on a single task setting
with 5 rollouts per task. During each rollout the robot starts from a central,
randomized starting position, which was not used in training. Human ob-
servers decide if a task was solved successfully for each rollout. We compare
MDT with our proposed auxiliary objectives against MDT trained without
them and against MT-ACT. The goals were given as language instructions.
The results are averaged over 5 rollouts for each of the 20 tasks. The results
are summarized in Table 4.3. The poor performance of 0.25 success rate for
a strong state-of-the-art baseline such as MT-ACT highlights how challeng-
ing this setting is. In comparison, MDT achieves a respectable 0.51 success
rate without and 0.58 with the auxiliary objectives. This improvement is
consistent with the evaluations on the LIBERO benchmark.

Long-Horizon Multi-Task Evaluation. Finally, we test the approaches to
complete several instructions in a single sequence. This requires policies to
chain different behaviors together. An example instruction chain is: "Push
toaster", "Pickup toast and put it to sink", "Move banana from right stove to
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Figure 4.5.: Study on the performance of Masked Generative Foresight and the
Contrastive Latent Alignment for MDT. We analyse the impact of both auxiliary
tasks on the ABCD CALVIN challenge. The results show the average rollout length
over 1000 instruction chains averaged over 3 seeds.

sink”, "Move pot from left to right stove”, "Open oven", "Open microwave".
During a rollout, the model only gets the next goal, if it has completed the
prior task successfully. We test all policies using 4 different instruction chains.
These instruction chains are detailed in the Appendix. We evaluate language
and image goal-conditioning and report the average rollout length over all
chains averaged over 4 rollouts each. The results are summarized in Table
4.4. Given the increased complexity of this experiment over the single task
evaluation the modest performance of all three methods is not surprising,
further highlighting the difficulty of this setting. Especially when considering,
that the entire dataset only encompasses 4.5k of unsegmented play-data. MT-
ACT achieves average rollout lengths of 0.81 with language goals and 0.13 with
image goals, compared with 1.38 and 0.38 for MDT without auxiliary losses.
With both auxiliary losses, MDT reaches 1.56 and 0.56, respectively. Moreover,
the experiment shows an even stronger contribution of the proposed auxiliary
objectives to the overall performance compared to the single task evaluation.
Further details are discussed in the Appendix.

The promising results of MDT compared to the state-of-the-art MT-ACT
baseline in this challenging setting strongly suggests an affirmative answer
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Goal Modality ‘ Model ‘ Task 1 Task2 Task3 Task4 Task5 Task6 ‘ Avg. Rollout Length
MT-ACT 50% 18.75% 12.50% 0% 0% 0% 0.81 + 1.01

Language MDT 75% 43.75% 18.75% 0% 0% 0% 1.38 + 1.05
MDT + Lycr + Lera | 81.25%  56.25%  12.50%  6.25% 0% 0% 1.56 + 1.06
MT-ACT 12.50% 0% 0% 0% 0% 0% 0.13 +£0.33

Images MDT 12.50% 12.50%  6.25% 6.25% 0% 0% 0.38 = 1.05
MDT + Lycr + Lera | 37.50%  6.25%  6.25%  6.25% 0% 0% 0.56 + 1.00

Table 4.4.: Average rollout length achieved by each method on the long-horizon
real robot play kitchen setup. The performance is averaged over 4 instruction
chains with 4 rollouts each. MDT clearly outperforms MT-ACT. The performance of
MDT is further increased substantially by the auxiliary CLA and MGF objectives. The
relatively short avg rollout lengths emphasize how challenging this setting is, even
for strong state-of-the-art methods such as MT-ACT.

to Question (III), especially with the proposed auxiliary CLA and MGF objec-
tives.

4.4.4. Evaluation of Auxiliary Losses

Next, we investigate the significance of our auxiliary self-supervised loss
functions, specifically the CLA and MGF loss, on MDT’s performance. Figure
4.5 shows the performance metrics of the ablated versions with and without
these losses. The inclusion of MGF notably enhances MDT’s performance
on the CALVIN ABCD—D benchmark, improving average rollout lengths
by over 25%. Detailed results supporting the essential role of these auxiliary
tasks in MDT-V are presented in Table B.6 within the Appendix, showing
that MDT-V surpasses all baselines with an average rollout length of 4.18
even in the absence of these two losses.

On LIBERO, using both auxiliary objectives improves success rates in four
of the five suites and raises the published average by 5.8 percentage points
(8.5% relative, calculated from the reported averages), as shown in Table 4.2.
The results of these experiments are summarized in Table 4.2. The two losses
together achieve the highest mean success rate on Spatial and LIBERO-90 and
tie the highest mean on Object. Their published average of 74.3% is higher
than CLA alone (73.1%) or MGF alone (70.0%), supporting the joint use of
both objectives. Overall, on LIBERO the performance impact of CLA is higher
than that of MGF, especially on the LIBERO-90 benchmark. A high number
of different task labels, as it is the case for LIBERO-90, automatically implies a
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higher number of contrastive labels for any given tasks. We hypothesize that
this increased number of contrastive labels leads to the higher performance
impact of CLA for LIBERO-90. The impact on the LIBERO-Goal is the lowest,
given the high initial task success rate. On LIBERO-Long, the benefits are lim-
ited: CLA alone reaches 65.3% compared with 65.0% without either objective,
while MGF alone reaches 63.0% and their combination reaches 64.8%. The
demonstrations of the LIBERO-Long benchmark consist of several sub-tasks
each with a single high-level description for the entire task. We assume that
this lack of sub-goals prevents the auxiliary losses from providing notable
benefits.

To investigate if MGF provides a generally beneficial auxiliary objective
we integrate it with MT-ACT and evaluate the model for the full CALVIN
ABCD—D benchmark, as detailed in Table B.5 in the Appendix. MGF signifi-
cantly boosts MT-ACT’s average CALVIN performance by 44%, without any
other modifications to the model or its hyperparameters. Similarly to the MDT
results, MGF also enhances the performance of MT-ACT to learn better from
multimodal goals with few language annotations. These positive outcomes for
MDT, along with its effective application to other transformer-based policies,
positively answer research questions (Ila) and (IIb).

4.4.5. Additional Ablation Studies

This section investigates several design choices for MDT and the proposed
auxiliary objectives. First, we explore the importance of using pre-trained
CLIP embeddings and test MGF and CLA as pretraining objective for diffusion
policies. Next, we ablate several design decisions of MGF and our proposed
transformer architecture and how they impact performance.

Choice of Goal Image Encoder. We analyze the importance of using pre-
trained CLIP encoders for MDT to process goal images. MDT is tested with
ResNet Encoders for goal images, which are trained from scratch together
with text embedding of a frozen CLIP model on CALVIN ABCD. The MDT
model without our auxiliary tasks achieves an average rollout length of 3.34,
which is equal to the MDT variant with the frozen CLIP embeddings. The
MDT variant with both auxiliary objectives achieves an average rollout length
of 4.31, which is slightly worse compared to the variant with pre-trained
encoders average performance of 4.41. The detailed results of this experiment
are summarized in Table B.6 of the Appendix. Overall, the ablation shows
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Figure 4.6.: Study on the performance of our proposed MGF and CLA objectives
for pretraining on action-free data. We pretrain MDT on LIBERO-90 with the
objectives and test the average performance on all LIBERO-Long tasks with different
number of demonstrations. The results show the success rate averaged over 20 rollouts
for all 10 tasks and 3 seeds. LfS refers to trained from scratch and PrT are all pretrained
models.

that pretrained CLIP image embeddings are not required for MDT to succeed
in learning from partially labeled datasets.

Pretraining with MGF and CLA. In this analysis, we assess the capability
of CLA and MGF for pretraining MDT on only video-data without access to
the robot actions. Therefore, we pretrain MDT with both auxiliary tasks on
LIBERO-90 and test its downstream performance on LIBERO-Long, which
contains unseen tasks. We compare the pretrained variant against MDT
trained from scratch on this dataset and ablations, that omit auxiliary ob-
jectives for fine-tuning. For the LIBERO-Long experiment, we restrict all
policies to learn from 5 or 20 demonstrations only. As specified in the pub-
lished figure, the 5-demonstration setting contains one labeled demonstration
(20%), and the 20-demonstration setting contains two labeled demonstrations
(10%). The results of these experiments are summarized in Figure 4.6. With
both auxiliary objectives used during finetuning, pretraining increases the
success rate from 0.18 to 0.29 with 5 demonstrations and from 0.53 to 0.65
with 20 demonstrations, using the values displayed in the published figure.
Further, these experiments demonstrate, that both auxiliary objectives also
improve performance of MDT with fewer demonstrations on LIBERO-Long
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independent on the pretraining. The performance increase of MDT trained
from scratch with both auxiliary objectives also verifies, that CLA and MGF
help MDT to learn better in scenarios with small datasets.

Masked Generative Foresight. Next, we study the different design choices
of our MGF loss and compare them against ablations. Our primary focus
is on assessing the impact of different masking ratios, ranging from 0.5 to
1, where 1 corresponds to a full reconstruction of the initial future image.
A masking ratio of 0.75 gives the highest CALVIN mean (3.72), while 0.5
gives a slightly higher LIBERO-Spatial mean (67.8% versus 67.5%). We select
0.75, a value commonly used in other masking methods [82]. Thus, we use
it as the default masking rate across all experiments in the chapter. Further
details of this analysis are provided in Table B.7 in the Appendix. Additionally,
we investigate the ideal foresight distance for MGF and evaluate it in two
environments. MDT adopts a foresight distance of v = 3 as this setting
consistently delivers strong performance across various scenarios. While
a higher foresight distance of v = 9 does exhibit similar performance to
a short distance of v = 1, it is also associated with increased variance in
results. Further results of these investigations are presented in Table B.4 in
the Appendix.

Transformer Architecture. MDT is tested against two Diffusion Trans-
former architectures previously described in [27]. The ablations are visualized
in Figure B.1 of the Appendix. These comparisons are conducted on the
CALVIN ABCD—D challenge, with detailed results featured in Table B.6 in
the Appendix. In the first ablation study, we incorporated a noise token as an
additional input to the transformer encoder. This was done to assess the effect
of excluding adaLN noise conditioning. The second ablation represents the
diffusion transformer architecture from [27], which does not use any encoder
module. MDT-V, when trained without any auxiliary objective, achieves an
average rollout length of 4.18. The ablation without adaLN conditioning only
achieves an average rollout length of 3.58. Notably, the complete omission of
the transformer encoder led to a significantly lower average rollout length
of 1.41. The experiments show, that the additional transformer encoder is
crucial for diffusion policies to succeed in learning from different goals. In
addition, separating the denoising process from the encoder and using adaLN
conditioning further helps to boost performance and efficiency.
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4.4.6. Limitations

While MDT shows strong performance on learning from multimodal goals,
it still has several limitations: 1) While we verify the effectiveness of our
method in many tasks, the auxiliary objectives do not consistently improve
performance on LIBERO-Long, 2) The performance impact of MGF and CLA
varies across different benchmarks. On LIBERO, CLA has a higher impact, and
on CALVIN, it’s the opposite. 3) Diffusion Policies require multiple forward
passes to generate an action sequence, resulting in lower inference speed
compared to non-diffusion approaches. 4) The average rollout lengths of
MDT and the baseline on the real robot multi-tasks are relatively short. We
credit this to the difficulty of the setting itself. Learning from partially labeled,
unsegmented, long-horizon play data is a very challenging task. We further
hypothesize that the placement of the cameras is not ideal, as the robot
significantly suffers from self-occlusion. The introduction on an in-hand
camera could alleviate this problem.

4.5. Conclusion

In this work, we introduce MDT, a novel continuous-time diffusion policy
adept at learning long-horizon manipulation from play, requiring as little as
2% language labels for effective training. To further improve effectiveness,
we propose MGF and CLA as simple, yet highly effective auxiliary objectives
to learn more expressive behavior from multimodal goal specifications. By
reconstructing future states from multimodal goal specification and aligning
these state representations in the latent space, the auxiliary objectives improve
downstream policy learning without additional cost during inference. We
rigorously tested MDT across 184 tasks: 34 in CALVIN, 130 in LIBERO, and
20 in the real-world kitchen. These extensive experiments not only validate
our proposed auxiliary loss but also demonstrate the efficiency of the MDT
policy. In the published RSS comparison, MDT-V increases average rollout
length over the strongest included baseline by 10.5% relative on ABCD—D
(RoboFlamingo: 4.09 to 4.52) and 24.8% relative on D—D (MT-ACT: 2.98
to 3.72). Moreover, in detailed studies, we demonstrate that our auxiliary
objectives improve learning from multimodal goals.
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4.5. Conclusion

In future work, we would like to investigate the advantages of additional goal-
modalities like sketches in MDT. Furthermore, we plan to scale MDT towards
a versatile foundation policy by pretraining the model on the large-scale,
partially labeled OXE dataset [30].
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5. Efficient Diffusion
Transformer Policies with
Mixture of Expert Denoisers
for Multitask Learning

Chapter 4 extended BESO with self-supervised objectives for learning from
partially labeled, multimodal datasets. However, scaling to larger, heteroge-
neous datasets from diverse embodiments requires policy backbones with
sufficient capacity—yet naively scaling dense transformers incurs prohibitive
training and inference costs. Unlike image generation where latency is tol-
erated, robot policies require real-time inference (>10 Hz) for closed-loop
control.

This chapter addresses challenge C3: scaling diffusion policy capacity without
proportionally increasing computational cost. We introduce MoDE, the first
Mixture-of-Experts diffusion policy, which exploits the multitask structure
of denoising—different noise levels require different computations—through
noise-conditioned routing to specialized experts. Combined with expert
caching at inference, MoDE achieves state-of-the-art performance across 134
tasks while using 90% fewer FLOPs than dense baselines.

The content of this chapter is based on the paper Efficient Diffusion Trans-
former Policies with Mixture of Expert Denoisers for Multitask Learning
(Moritz Reuss, Jyothish Pari, Pulkit Agrawal, Rudolf Lioutikov, 2025), accepted
to the International Conference on Learning Representations (ICLR). Wording,
notation, and formulations were revised for this thesis.
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Figure 5.1.: Overview of MoDE. Left: transformer with noise-conditional self-
attention and noise-conditioned routing. Right: the router activates subsets of MLP
experts based on noise level during denoising.

5.1. Introduction

Sparse Mixture-of-Experts (MoE) architectures scale model capacity by acti-
vating only a subset of parameters per forward pass [177]. However, standard
MOoE routing based on input content does not exploit the structure of the
denoising process: early steps (high noise) require coarse trajectory planning,
while late steps (low noise) require fine-grained action refinement [60].

MOoDE introduces noise-conditioned routing, which assigns tokens to special-
ized experts based on the current noise level rather than token content. Since
the noise schedule is fixed at inference, the active experts for each denoising
step are known in advance and can be cached, further reducing latency.

We evaluate MoDE on CALVIN [130] and LIBERO [110], demonstrating state-
of-the-art results across 134 tasks. Comprehensive ablations analyze routing
strategies, noise-injection techniques, and expert utilization. We further
pretrain a 700M parameter MoDE on approximately 196,000 trajectories from
a mixture based on the Open X-Embodiment dataset [30].

Our contributions:

+ MoDE, a noise-conditioned MoE diffusion policy achieving 90% fewer
FLOPs than dense baselines through expert caching.

« State-of-the-art results across 134 tasks, with a 57.5% mean relative
improvement over the stronger of DP-T and DP-CNN in each of four
benchmark settings (see Section 5.4.4).
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« Comprehensive ablations on routing strategies, noise injection, and
expert utilization.

5.2. Related Work

Mixture-of-Experts. MoE are a class of models where information is selec-
tively routed through the model. The modern version of MoE was introduced
in [177], where a routing or gating network conditionally chooses a subset
of experts to send an input to. After Transformers [198] proved to be an
effective model that scales well with data, they were modified to have expert
feed-forward networks at each block of the model in [46] which presented
Switch Transformers. Switch Transformers laid the groundwork that is still
widely adopted in different LLM [79, 40]. This allowed for more total parame-
ters while keeping the forward and backward FLOPs smaller than their dense
counterpart, thus yielding significant performance gains. However, training
both the router and experts in parallel is a non-trivial optimization problem,
and it can yield suboptimal solutions such as expert collapse where experts
learn similar functions instead of specializing [29]. In addition, router col-
lapse occurs when the router selects a small subset of the experts and doesn’t
utilize all the experts. This is mitigated with load balancing losses [177, 46]
which encourage the router to distribute inputs more evenly across experts.
Multiple works have explored different methods to perform routing, such
as expert choice routing [225], differential k-selection [62], frozen hashing
functions [165], and linear assignment [101].

Multitask Learning in Diffusion Models. [60] demonstrated that the
denoising process is inherently multi-task. Leveraging this idea, works have
adopted architectures suited for multi-task learning. Some works have ex-
plicitly scheduled which parameters are specialized to which stage in the
denoising process [144, 53]. In extension to this [145] uses the scheduling as
guidance during training but also learns how to modulate representations
based on the denoising stage. Finally, some works have employed different
architectures based on the denoising stage [100].

Mixture-of-Experts in Robotics. In the context of robotics, MoE mod-
els are used in many settings without being combined with a transformer
architecture. Several works use a mixture of small MLP policies, that fo-
cus on different skills in Reinforcement Learning [139, 23, 22] or for robot
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motion generation[61, 96], another body of work utilizes combinations of
small CNNs robot perception [164, 128]. Further applications include learning
multimodal behavior using a mixture of Gaussian policies [15, 103]. Despite
the extensive usage of MoE in many domains, no prior work has tried to
utilize MoE together with Diffusion Policies for scalable and more efficient
Diffusion Policies.

Transformers for Robot Learning. Transformer models have become
the standard network architecture for many end-to-end robot learning poli-
cies in the last few years. They have been combined with different policy
representations in the context of GCIL. One area of research focuses on gen-
erating sequences of actions with Variational Autoencoder (VAE) models [9,
222]. These action-chunking transformer models typically use an encoder-
decoder transformer as a policy architecture. Several Diffusion Policies, such
as Octo [140], BESO [162], ChainedDiffuser [209] and 3D Diffuser Actor
leverage a transformer model as a policy backbone. Another direction of
research treats behavior generation as discrete next-token predictions similar
to auto-regressive language generation [194]. C-Bet, RT-1, and RT-2 use dis-
cretized action binning to divide seen actions into k-classes [31, 172, 18, 226],
while VQ-BeT [98] learns latent actions with residual Vector Quantization.
Several works have shown the advantages of using pre-trained LLM or VLM
as a policy backbone, which are then finetuned for action generation [226,
56, 30, 105]. None of the recent work considers using any Mixture-of-Expert
architecture for policy learning. MoDE is the first architecture to leverage
MokE architecture combined with diffusion for behavior generation.

5.3. Method

In this section, we introduce MoDE, our novel MoE Diffusion Policy. First,
we formulate the problem of learning a policy for GCIL. Next, we summarize
the framework used in Diffusion Policies and then introduce our MoDE
architecture with our novel noise-conditioned routing and noise-conditioned
self-attention that enable efficient policy design. Finally, we explain our
expert caching mechanism for efficient inference and explain the pretraining
of MoDE.
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5.3.1. Problem Formulation

Following the GCIL setup from Section 2.3.2, we learn a language-conditioned
policy 7g(a | s,I) from demonstrations D. The policy predicts action chunks
of length H conditioned on the current observation and language instruction.
If not stated otherwise, we use H = 10 and no history for all experiments.

5.3.2. Diffusion Policy

MoDE employs the score-based diffusion formulation from Chapter 3, training
a denoiser Dy via:

Lsvi =Erqe [a(or)IDg(a + €,5,1,0,) - all7], (5.1)

where € ~ N(0, 671). The key innovation of MoDE lies in its MoE denoiser
architecture, described next.

5.3.3. Mixture-of-Experts Denoising

We now introduce MoDE, a novel approach that employs noise-conditioned
expert routing to enhance diffusion-based policies. This novel routing mecha-
nism enables us to precompute and fuse the required experts for more efficient
inference. An overview of MoDE’s architecture with the routing mechanism
is shown in Figure 5.1.

For language conditioning, MoDE leverages a frozen CLIP language encoder to
generate a latent goal vector, while image encoding utilizes FiLM-conditioned
ResNets-18/50. The model processes a sequence of input tokens X € RtokensxD
and noise level o;. A linear projection layer ¢(o;) encodes the noise level
into a token, which is incorporated into X. The complete MoDE architec-
ture, MoDE(X, ¢(0;)), consists of L transformer blocks, each specialized for
different denoising phases.

We now define each block f* as a composition of a self-attention (SA) layer
and an MoE layer,

FIU(X, $(01)) = MOE(SA(X) + X, (7)) + X. (5.2)
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A key change in our approach is the integration of noise-aware positional
embeddings. By adding ¢ (o) to all tokens in X before self-attention:

X =¢(oy) + X, (5.3)

we enable each token to adapt its attention patterns based on the current
denoising phase. This design enhances denoising performance without intro-
ducing additional parameters or architectural complexity.

The self-attention mechanism follows the standard formulation [198]:
A 1 A A N
SA(X) = softmax(\/—ﬁ [XWol [XWi]") [XWy]. (5.4)

Our MoE layer introduces a novel noise-conditioned routing strategy. Given
N experts {E;}¥ , the layer output is:

=1’
N
MoE(X, ¢(ov)) = Z R(¢(01))i Ei(X), (5.5)
i=1

where the routing function R(+) : R? — RN selects and weights experts from
the noise embedding, with the same weights shared across tokens:

R($(0)) = topk(softmax(¢(a;) W), k) (5.6)

Unlike traditional MoE approaches that route based on input content, MoDE’s
routing mechanism specifically considers the noise level. This enables spe-
cialized experts for different denoising phases, allowing for both improved
performance and computational efficiency through expert caching (detailed
in Section 5.3.3.1). We utilize the same method from [134] to initialize the
router, which is from a truncated normal distribution with std = 0.02. We
implement topk using multinomial sampling without replacement, selecting k
elements according to softmax(¢(o,;)Wg) probabilities. To maintain gradient
flow through the non-differentiable sampling process, we scale expert outputs
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Figure 5.2.: Visualization of Router Caching. After training MoDE, the router is
noise-conditioned, allowing pre-computation of the experts used at each noise level
before inference. This enables removing the router and retaining only the selected
experts, significantly improving network efficiency.

by routing probabilities and renormalize the selected probabilities. To prevent
expert collapse, we add a weighted load-balancing loss [46] to Lgu:

N
L13(8) = YNanPm

n=1

|B]|

= 57 2 MR > 0) (57)
i=1

|B]
1
o= 5 ) softmax(p(o1) Wi
i=1

Here B is a minibatch, f; is the fraction of samples routed to expert n, p, is
its mean routing probability, and y = 0.01.

5.3.3.1. Router and Expert Caching

To make our method more efficient, we exploit the fact that our MoE is
noise-conditioned, meaning where at each noise level, the routing path is
deterministic and can be precomputed. By doing so, we can determine the
chosen experts ahead of time for each noise level. Figure 5.2 illustrates this
process. We fuse the selected expert MLPs into a single, composite MLP
to reduce the computation cost. Instead of looping through each expert
individually, this fused expert MLP can run in parallel, which substantially
decreases the overall latency of the network. By eliminating the need for
dynamically invoking each expert, we not only save time but also streamline
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memory access patterns, reducing the overhead typically associated with
routing decisions in a traditional MoE setup. Our caching strategy reduces
the FLOPs overhead by over 80% compared to standard MoE rollouts and
makes it two times faster during inference.

5.3.4. Generalist Policy Pre-Training

We pretrain MoDE on a diverse mix of multi-robot datasets curated from the
OXE dataset [30]. Our training data encompasses 196k trajectories selected
from six diverse datasets, featuring various robot platforms and manipulation
tasks. We pretrained MoDE for 300k steps on a distributed cluster of 6 GPUs
over the span of three days. For finetuning we freeze the pretrained routers
in each layer and only finetune the other model components.

An Overview of the used dataset is summarized in Table 5.1. Our pretraining
dataset comprises 196K trajectories from 6 different sources, with weighted
sampling across BC-Z (0.259), LIBERO-10 (0.044), BRIDGE (0.188), CMU Play-
Fusion (0.101), Google Fractal (0.163), and DOBB-E (0.245). This dataset in-
cludes demonstrations from diverse robot platforms including Google robots,
Franka Pandas, and Hello-Stretch robots, covering a wide range of manipula-
tion tasks.

The pretraining was conducted on 6
NVIDIA RTX A6000 GPUs with 48 GB

VRAM each over 3 days, completing Dataset Weight
300K training steps. We used a batch BC-Z 0.258768
size of 1024 with a learning rate of LIBERO-10 0.043649
le — 4 and weight decay of 0.1. To BRIDGE 0.188043
ensure balanced dataset mixing dur- CMU Play-Fusion 0.101486
ing training, we implemented a large Google Fractal 0.162878
shuffle buffer of 400K samples. Each DOBB-E 0.245176
dataset was individually normalized Total 1.000000

to account for different scales and
ranges across the various robot plat-
forms.

Table 5.1.: Dataset sampling weights
used for training MoDE on a small subset
of trajectories. The total dataset consists

This diverse pretraining significantly X X
of 196k trajectories.

improved MoDE’s zero-shot general-
ization, particularly on challenging
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benchmarks like CALVIN ABC—D. For finetuning on LIBERO and CALVIN
we freeze the routers of the model and remove the load-balancing loss and
train on the local domain for 10k steps on LIBERO and 15k steps for CALVIN
with a batch size of 64 per GPU and 4 GPUs. This enables very fast domain
adaptation with limited training.

5.4. Evaluation

Our experiments address four questions:

() How does MoDE compare to prior diffusion architectures in task per-
formance?

(I) Does large-scale pretraining improve MoDE'’s generalization?
III) What are MoDE’s efficiency gains over dense baselines?
Y8

(IV) How do experts specialize across noise levels, and which routing strat-
egy works best?

We compare MoDE against prior diffusion transformer architectures [27]
using similar active parameter counts. Unless a specific ablation states oth-
erwise, the model uses 8 layers, 4 experts, and latent dimension 1024; the
pretrained variant uses 12 layers. Unless stated otherwise, we use action
chunk length 10, history length 1, and execute all generated actions without
replanning; the state-based experiments below use chunk length 1 and history
length 4. Hyperparameters are detailed in Appendix C.1.

5.4.1. State-based Experiments

We conduct initial experiments with MoDE on two established multi-task
state-based environments previously described in Section 2.3.5.1 and Sec-
tion 2.3.5.2: Relay Kitchen [119] and Block Push.

For Relay Kitchen, we train all models for 40k training steps with a batch
size of 1024 and evaluate them 100 times as done in prior work [172, 31,
162] to guarantee fair evaluation. All reported results are averaged over
4 seeds. Training is performed on a local PC with an RTX 3070 GPU for
approximately 2 hours per run. For Block Push, models are trained on the
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1000 demonstrations with the same evaluation protocol, where credit is given
only if blocks are pushed to the correct targets in the correct order. The
policies are conditioned to push the blocks in the desired configuration using
a goal state-vector. We chose an action sequence length of 1 given a history
length of 4 for these experiments, which are inspired by our dense diffusion
transformer baseline BESO [162] from chapter 3.

Baselines. In this setting, we com-
pare MoDE against several SoTA goal-

Block Push  Relay Kitchen

conditioned policies. We test two Success rate  Goals (out of 4)
transformer architectures, C-BeT [31]  “Cper | 0872(007)  3.094(0.12)
and VQ-BeT [98], that predict dis-  VQ-BeT | 0.87(0.02) 3.78+(0.04)
cretized actions with an offset. C-  BESO 0.96+(0.02) 3.73+(0.05)
MoDE | 0.97+(0.01)  3.79+(0.02)

BeT uses k-means clustering together
with an offset vector while VQ-BeT
leverages residual Vector Quantiza-
tion to embed actions into a hierar-
chical latent space. Further, we test

Table 5.2.: State-based goal-conditioned
evaluation averaged over 4 seeds, repro-
duced from the MoDE study [160]. Relay
Kitchen reports the mean number of re-

against a dense diffusion policy trans-
former model BESO [162]. BESO uses
the same continuous-time diffusion
policy combined with a dense trans-

quested goals completed (maximum 4);
Block Push reports ordered-task success.
These are separate evaluations from the
10-seed results in Chapter 3.

former to predict a single action given

a sequence of prior states. To enable a fair comparison, we chose the same
hyperparameters for BESO and MoDE in both settings. The BESO and MoDE
scores are the four-seed evaluations reported in the MoDE paper [160]; C-BeT
and VQ-BeT follow the comparison in Lee et al. [98]. Relay Kitchen uses
the requested-goal result metric. BESO’s 3.73 is also reported in the sampler
comparison in Table 3.5; it differs from the 3.75 result and 3.98 reward in the
main ten-seed evaluation in Chapter 3.

Results. The results of both experiments are summarized in Table 5.2. MoDE
achieves a new SoTA performance on both benchmarks and outperforms the
dense transformer variant of BESO in both settings. Further, MoDE achieves
higher performance compared to other policy representation methods such
as VQ-BeT and C-BeT.
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5.4.2. Generalist Policy Evaluation

We evaluate MoDE’s capabilities as a generalist policy by comparing it against
two state-of-the-art models trained on substantially larger datasets from
OXE: Octo (800K trajectories) [140] and OpenVLA [89](1M trajectories). We
conduct this comparison using the SIMPLER benchmark, which provides
real2sim variants of the BridgeV2 [200] and Google Fractal datasets used
to train RT-1 [18]. The benchmark visualized in Figure 2.8 is described
in detail in Section 2.3.5.5. The Google Robot evaluation uses the OXE-
pretrained model followed by Fractal finetuning, as specified in Table 5.3.
The WidowX evaluation tests transfer from the pretrained model. These are
distinct adaptation settings, so the Google Robot results are not described as
evaluation without dataset-specific finetuning.

Model ‘ Visual Matching ‘ Variant Aggregation ‘ 4Overall
‘ Pick Coke Mv Near Drawer ‘ Avg. ‘ Pick Coke Mv Near Drawer ‘ Avg. ‘ Average
RT-1-X 56.7% 31.7% 59.7% 49.4% 49.0% 32.3% 29.4% 36.9% 43.1%
RT-2-X 78.7% 77.9% 25.0% 60.5% 82.3% 79.2% 35.3% 65.6% 63.1%
Octo-Base 17.0% 4.2% 22.7% 14.6% 0.6% 3.1% 1.1% 1.6% 8.1%
OpenVLA 16.3% 46.2% 35.6% 32.7% 54.5% 47.7% 17.7% 40.0% 36.3%
MoDE (Ours) | 32.3% 45.4% 49.1% | 42.3% |  33.3% 30.0% 19.6% | 27.6% | 35.0%

Table 5.3.: SIMPLER evaluation on Google Robot tasks. MoDE is pretrained on
the OXE mixture and then finetuned on Fractal; baseline cells retain the reported
comparison results. Success is full task completion. Each Avg. is the unweighted mean
of the three displayed task categories, and Overall is the mean of all six displayed
cells. The four-category Google Robot comparison in Chapter 6 additionally includes
apple placement and uses the FLOWER evaluation setting.

Put Spoon Put Carrot Stack Green Put Eggplant | Full Success | Mixed
on Tablecloth on Plate on Yellow in Basket
Method ‘ Grasp  Success ‘ Grasp  Success ‘ Grasp  Success ‘ Grasp  Success ‘ Average ‘ Average
RT-1-X 16.7% 0.0% 20.8% 4.2% 8.3% 0.0% 0.0% 0.0% 1.1% 6.3%
OpenVLA 4% 0% 33% 0% 12% 0% 8% 4% 1.0% 7.63%
Octo Base 35% 12% 53% 8% 32% 0% 67% 43% 15.8% 31.25%
MoDE (ours) | 29.17%  125% | 29.17% 833% | 833% 0% | 37.5% 833% |  73% | 1667%

Table 5.4.: SIMPLER evaluation on WidowX tasks. Grasp measures partial com-
pletion; Success measures full task completion. Full Success Average is the unweighted
mean of the four Success columns. Mixed Average preserves the earlier aggregate
over all eight Grasp and Success columns, as reported in the MoDE study [160]; it is
not a full-task success rate.
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The results of the evaluations are summarized in Table 5.3 and Table 5.4. On
Google Robot tasks, MoDE achieves 35.0% overall average, with 42.3% in visual
matching and 27.6% in variant aggregation after pretraining on OXE and fine-
tuning on Fractal data. Notably, MoDE reaches comparable performance to the
7B parameter OpenVLA model (36.3% under the equal-weight summary used
here) while requiring only 1/20th of the computational pretraining resources,
demonstrating superior parameter efficiency. Furthermore, MoDE achieves
this with only 700M parameters compared to 55B of RT-2-X, representing a
78x reduction in model size while maintaining competitive performance on
several tasks.

On WidowX tasks, MoDE achieves 7.3% mean full-task success, compared
with OpenVLA’s 1.0% and Octo-Base’s 15.8%. The earlier 16.7%, 7.63%, and
31.25% figures average partial grasp and full-task scores and are retained as
Mixed Average in Table 5.4. Octo-Base therefore outperforms MoDE on this
setting. RT-2-X is not evaluated in this WidowX table; its Google Robot score
cannot serve as a WidowX baseline. These results show both the potential
and the remaining transfer limitations of the smaller policy.

5.4.3. Long-Horizon Multi-Task Experiments

g ATy A

e B
WA”* *; | DP-T  HEDP-CNN  BiQueST UEMoDE  BEPrt-MoDE

(a) LIBERO-90 Tasks (b) Results for LIBERO-10 and LIBERO-90

Figure 5.3.: Visualization and Results for LIBERO environment. (a) Example
tasks from the LIBERO benchmark of Liu et al. [110]. (b) Our evaluation results on
LIBERO-10 and LIBERO-90, averaged over 3 seeds with 20 rollouts for each task.

Next, we first evaluate MoDE on the LONG-challenge and LIBERO-90 chal-
lenge of the LIBERO benchmark [110]. Figure 5.3a visualizes a few examples
of these tasks ( see Section 2.3.5.4 for detailed description). All environments
feature two cameras: a static one and a wrist-mounted camera, used to encode
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the current observation using FILM-ResNets-18/50. We test each policy 20
times on each task and report the average results over 3 seeds. MoDE and
all other diffusion architectures use FiLM-conditioned ResNets-18/50 with a
CLIP sentence embedding to encode the goal and the images.

Baselines. We compare MoDE against three state-of-the-art baselines: 1) The
Diffusion Transformer (DP-T) architecture [27], which conditions on noise
and observations using a cross-attention module. 2) The standard Diffusion
Policy CNN-based architecture (DP-CNN). 3) QueST [131], a transformer-
based policy that learns discrete action representations using vector-quantized
embeddings of action sequences. We tested all baselines ourselves, except for
QueST, whose results are taken directly from their paper.

Results. The performance of all models on the benchmark is summarized in
Figure 5.3b. Overall, MoDE achieves the highest average performance in both
benchmarks, while the QueST baseline is the second best in the LIBERO-90
setting and the CNN-architecture is second best in the long horizon setting.
These results demonstrate MoDE’s ability to learn long-horizon tasks with
high accuracy. The performance gap is more pronounced in the challenging
LIBERO-10 experiment, where MoDE is the first policy to achieve an over
90% success rate. Against DP-CNN, the stronger diffusion baseline in these
two settings, the relative gains are 16.7% on LIBERO-90 (0.91 versus 0.78)
and 26.0% on LIBERO-10 (0.92 versus 0.73), or 21.3% averaged across the two
settings. The four-setting mean also includes the two CALVIN challenges
and is defined below. The pretrained MoDE variant achieves an even higher
performance in both settings, showing the potential of diverse pretraining.
This showcases MoDE’s ability to achieve state-of-the-art performance with
a more efficient use of computational resources.

5.4.4. Scaling Multi-Task Experiments

Scope of the aggregate improvement. The headline gain compares the
non-pretrained model with the stronger of DP-T and DP-CNN separately in
CALVIN ABC—D, CALVIN ABCD—D, LIBERO-90, and LIBERO-10. The
relative gains are 151.1% (3.39/1.35—-1), 36.1% (4.30/3.16—1), 16.7% (0.91/0.78—
1), and 26.0% (0.92/0.73 — 1); their unweighted mean is 57.5%. Thus, 57.5%
describes four settings, whereas 21.3% describes the two LIBERO settings
only.
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Train—Test Method ‘ Active Params  PrT ‘ No. Instructions in a Row (1000 chains)

‘ in Million ‘ 1 2 3 4 5 Avg. Len.
DP-CNN 321 X 86.3% 72.7% 60.1% 51.2% 41.7% 3.16+0.06
DP-T 194 X 783% 53.9% 33.8% 204% 11.3%  1.98+0.09
Seq-BESO 50 X 93.6% 87.3% 81.0% 74.9% 67.7%  4.05+0.04
ABCD—D .
RoboFlamingo 1000 v 96.4%  89.6% 82.4% 74.0% 66.0%  4.09+0.00
GR-1 130 v 94.9%  89.6% 84.4% 78.9% 73.1%  4.21£0.00
MoDE 277 X 96.6%  90.6% 86.6% 80.9% 75.5%  4.30+0.02
MoDE (Prt) 436 v | 97.1% 92.5% 87.9% 83.5% 77.9% 4.39+0.04
DP-CNN 321 X 63.5% 353% 19.4% 10.7%  6.4% 1.35+0.05
DP-T 194 X 62.2% 309% 13.2%  5.0% 1.6% 1.13+0.02
Seq-BESO 50 X 76.9% 533% 358% 242% 16.1% 2.06+0.13
ABC—D RoboFlamingo 1000 v 82.4% 61.9% 46.6% 33.1% 23.5%  2.47+0.00
SuSIE 860+ v 87.0% 69.0% 49.0% 38.0% 26.0%  2.69+0.00
GR-1 130 v 85.4% 71.2% 59.6% 49.7%  40.1% 3.06+0.00
MoDE 307 X 91.5% 79.2% 67.3% 55.8% 453%  3.39+0.03
MoDE (Prt) 436 v | 96.2% 889% 81.1% 71.8% 63.5% 4.01+0.04

Table 5.5.: Performance comparison on the two CALVIN challenges. The table
reports average success rates for individual tasks within instruction chains and the
average rollout length (Avg. Len.) to complete 5 consecutive instructions, based on
1000 chains. Zero standard deviation indicates methods without reported standard
deviations. "Prt" denotes models requiring policy pretraining. Parameter counts
exclude language encoders.

We evaluate MoDE on the CALVIN Language-Skills Benchmark [130],
a comprehensive image-based benchmark for GCIL. In the ABCD—D chal-
lenge, models learn from 22, 966 interaction sequences across four environ-
ments (A, B, C, D), each comprising 64 timesteps and 34 diverse tasks requiring
complex skill chaining (Figure 2.6a). Following the official protocol, we test
all policies on 1000 instruction chains of 5 sequential tasks in environment D
(Figure 2.6b). Models receive 1 point per completed task and must complete
each task to progress. We report average sequence length over 3 seeds with
1000 instruction chains each.

Baselines. We test MoDE against several methods specialized for learning
language-conditioned behavior and against other baseline diffusion policy
architectures. We include Seq-BESO [162], the score-based diffusion policy in-
troduced in Chapter 3, as a baseline to assess improvements from our mixture-
of-experts architecture. We also compare MoDE against RoboFlamingo and
GR-1. RoboFlamingo is a fine-tuned Vision-Language-Action model, that
contains around 3 billion parameters and has been pre-trained on diverse
internet data. GR-1 is a generative decoder-only Transformer pretrained
on large-scale video generation and then co-finetuned on CALVIN [208]. If

106



5.4. Evaluation

available, we report the average performance of all prior work directly from
their paper, given the standard evaluation protocol in CALVIN [129].

Results. MoDE achieves the highest average success rate across all policies,
even without pretraining (Table 5.5). This surpasses extensively pretrained
baselines like RoboFlamingo and GR-1, as well as Seq-BESO by a significant
margin (4.39 vs 4.05 on ABCD—D, 4.01 vs 2.06 on ABC—D). The improve-
ment over Seq-BESO demonstrates the effectiveness of our mixture-of-experts
architecture combined with diverse pretraining and noise-conditioned rout-
ing for multi-task learning. While GR-1 uses fewer parameters (130M vs
436M), MoDE requires significantly fewer FLOPs during inference (1.53 vs
27.5 GFLOPS) while maintaining comparable speed (12.2 vs 12.6 ms). The
combination of state-of-the-art performance and computational efficiency
makes MoDE particularly suitable for multitask applications.

5.4.5. Generalization Experiments

Finally, we then extend our investigation to the ABC—D challenge in the
second phase, testing MoDE’s zero-shot generalization abilities. In this ex-
periment, models are only trained on data from the first three CALVIN
environments A,B,C and tested on the unseen setting of environment D,
which has different positions of relevant objects and texture of the table. This
requires policies, that are able to generalize their learned behavior to new
environment configurations and different textures, which is especially chal-
lenging. We evaluate MoDE trained from scratch and MoDE pretrained on a
sub-set of Open-X-Embodiment Data. This enables us to study the zero-shot
performance and pretraining effectiveness of MoDE.

Baselines. For this experiment, we compare MoDE against the previous
CALVIN baselines, with the addition of SuSIE [12], a hierarchical policy uti-
lizing a finetuned image-generation model, InstructPix2Pix [19], to generate
goal images, which guide a low-level diffusion policy. The high-level goal
generation model requires large-scale pretraining. SuSIE’s results are based
on 100 rollouts only, without standard deviation, due to the computational
cost of generating subgoal images.

Results. The results of this experiment are summarized in the lower part
of Table 5.5. MoDE outperforms all tested baselines and surpasses all other
Diffusion Policy architectures by a wide margin. Further, by pretraining
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5. MoDE: Mixture of Expert Denoisers

MOoDE on diverse robotics data, we achieve a new SoTA performance of 4.01.
Mixture-of-Experts models enhance scaling performance but also demonstrate
strong zero-shot generalization capabilities (Question (I)). In addition, we can
answer Question (II) by concluding that pretraining boosts performance in
challenging zero-shot settings.

5.4.6. Computational Efficiency of MoDE
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B MoDE w/ Cache MOoDE w/o Cache W Dense-T

Avg. GFLOPs

Avg. Inference Time (ms)

Figure 5.4.: Computational efficiency comparison between MoDE and a Dense-
Transformer model with the same number of parameters. Left: Average in-
ference speed over 100 forward passes for various batch sizes. Right: FLOPs count
for MoDE with router cache and without compared against a dense baseline. MoDE
demonstrates superior efficiency with lower FLOPs count and faster inference thanks
to its router caching and sparse expert design.

We compare MoDE against a dense transformer baseline with similar param-
eters by measuring average inference time and FLOPs across batch sizes. As
shown in Figure 5.4, MoDE with caching significantly improves computa-
tional efficiency - at batch size 1, inference is 20% faster (12ms vs 15ms), while
at batch size 512, MoDE requires 16x fewer FLOPs (361 vs 5,772 GFLOPS) and
achieves nearly 40% faster inference (64ms vs 104ms). These results demon-
strate that MoDE delivers both superior task performance and substantial
computational efficiency through its architecture and caching mechanism.

5.4.7. Ablation Studies

We conduct ablations to understand MoDE’s design choices, addressing ques-
tions (III) and (IV): computational efficiency, routing strategies, and expert
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utilization. Only the CALVIN ABC ablation runs use a separate, weaker train-
ing run than the main ABC benchmark. We assess their relative performance
against the corresponding ablation baseline.

5.4.7.1. Design Decisions

We ablate noise conditioning and MoE strategies on LIBERO-10 (Table 5.6).

Noise-Injection Ablations. Our experiments reveal the importance of
proper noise conditioning in MoDE. The full MoDE model, which uses
both input noise tokens and noise-conditioned self-attention, achieves
the best performance with an average success rate of 0.92. Removing
the input noise token slightly decreases performance to 0.90, highlight-
ing the complementary nature of both conditioning methods. Using
only the noise token for conditioning, without noise-conditioned self-
attention, further reduces performance to 0.85. Interestingly, using FILM
conditioning [149], a common approach in image-diffusion [148], yields
the lowest performance in this group at 0.81. These results underscore
the effectiveness of our proposed noise conditioning strategy in MoDE,
demonstrating a clear performance advantage of 0.08 over the FiLM approach.

‘ Avg. Success.

MOoE Ablations. Next, we ablate sev-

. . . . MoDE 0.92

eral design decisions regarding Mixture- - Input Noise Token 0.90
of-Experts. First, we test the topk num- - Noise-cond Attention 0.85
ber of used experts. Setting topk to 1 FILM Noise Conditioning 081
only marginally lowers the average per- TopK=1 o
Shared Expert 0.90

formance from 0.92 to 0.91. MoDE main- y=01 0.90

tains robust performance even with a v =0.001 086
. : 256 Embed Dim 0.86
single expert. We also examine the ef- 519 Embed Dim 087

fect of using a shared expert, where the
model consistently employs the same ex-  Taple 5.6.: Ablation Studies for
pert in all cases. This approach achieves MoDE on LIBERO-10. All results are
a comparable average success rate of averaged over 3 seeds with 20 rollouts
0.90. Different choices for the token- each.

distribution loss are also tested. While

MOoDE uses y = 0.01 as a default value,

we experiment with y values of 0.1 and 0.001, which result in average success
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Model | Block Push  Relay Kitchen | CALABC CALABCD | L-10 | Average

Dense T 0.96+0.02 3.73+£0.12 2.83+0.19 4.13£0.11 0.91£0.02 0.839+0.144
Token-Router 0.97+0.01 3.85+0.03 2.67+0.04 4.29+0.08 0.90+0.01 0.845+0.161
or-Router 0.970.01 3.79+0.04 2794016 4.30+0.02 | 0.92+0.02 | 0.851+0.151

Table 5.7.: Overview of the performance of all different token routing strate-
gies used for MoDE across 5 benchmarks. We mark the best result for each
environment in bold and the second best in italics. We use CAL to represent CALVIN.
To average the results, we normalize all scores and compute the average over all
environments. Only the CALVIN ABC ablation results use a separate, weaker training
run than the main ABC benchmark.

rates of 0.90 and 0.86, respectively. These results indicate that a y value of
0.01 strikes the best performance.

Latent Dimension. We investigate the impact of varying the latent dimen-
sion in MoDE, testing dimensions of 256, 512, and 1024 (our default). The
results show that increasing the latent dimension from 256 to 512 yields a
modest performance improvement from 0.86 to 0.87, while further increasing
to 1024 provides a more substantial boost to 0.92. This suggests that a larger
latent dimension allows MoDE to capture more complex representations,
leading to improved performance.

5.4.7.2. Optimal Routing Strategy for Diffusion Transformers

Next, we answer Question (IV) by testing different routing strategies for our
diffusion-transformer policy across several environments. We compare two
routing strategies: (1) token-conditioned routing (standard in LLMs) and (2)
noise-conditioned routing. We test these strategies in five experiments and
report the average performance over 3 seeds: Noise-only Routing achieves an
average normalized performance of 0.851, slightly outperforming Token-only
Routing, which achieves 0.845. Detailed results are summarized in Table 5.7.
The CALVIN ABC runs in the routing ablation reported in Table 7 of the
MOoDE paper [160] and in the top-k study in Appendix C.3 use a separate,
weaker training run than the main ABC evaluation in Table 5.5. Their 2.79 and
3.34 scores support relative comparisons within the respective ablations; the
main non-pretrained ABC benchmark reports 3.39. This distinction concerns
the ABC ablations only. The results demonstrate the effectiveness of our
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proposed routing strategy. While the performance difference is small, Noise-
only Routing offers an additional advantage: the ability to predict all used
experts based on noise levels once before roll-outs, enabling faster inference,
as described in Section 5.3.3.1. This is particularly beneficial for robotics
applications.

5.4.7.3. How does the model distribute the tokens to different experts?

Denoising Process

>

0] > 0y >03 > 04 > 05 > 0g > 07 > 03 > 09 >0

Aty

Experts

Layers

Figure 5.5.: Visualized Expert Utilization. The average usage of all experts in
MOoDE across all layers is shown. Purple color corresponds to low usage and yellow
color to high one, and each image is separately normalized. The average activation
shows that MoDE learns to utilize different experts for different noise levels.

To address Question IV, we analyzed how MoDE distributes tokens to different
experts using a pre-trained model. Figure 5.5 visualizes the average usage of
each expert in each model layer during inference across various noise levels,
using 10 denoising steps for clarity. Our analysis reveals that MoDE learns to
utilize different experts for various noise levels, suggesting that the router
has specialized for different noise regimes. A transition in expert utilization
occurs around og. In the first layer, the model learns an expert specialized
for low-noise levels, primarily used in the last denoising step at opmi,. We
conduct more ablations studies with our pretrained model and various other
versions of MoDE in Appendix C.3 of the Appendix. These findings confirm
that MoDE learns meaningful expert specialization based on noise levels.

111



5. MoDE: Mixture of Expert Denoisers

5.4.7.4. Scaling with More Experts

We evaluate 2, 4, 6, and 8 experts on CALVIN ABCD and ABC (Figure C.1).
Performance peaks at 4 experts; adding more degrades results, possibly due
to overfitting or routing complexity. A dense baseline with matched latent
dimension (Dense-small) consistently underperforms, confirming MoE’s pa-
rameter efficiency.

We hypothesize that 4 experts represents an optimal trade-off for noise-only
routing: the specialization patterns in Figure 5.5 show experts specialize
by noise region, and finer partitioning provides no additional benefit. This
contrasts with token-routing MoE, which scales to hundreds of experts [90].

5.4.7.5. Flow Matching Finetuning for MoDE

We investigate the compatibility of MoDE with alternative denoising ob-
jectives by combining our architecture with flow matching [3, 109] from
Section 2.1.4. Using our OXE-pretrained MoDE model finetuned with an
fm objective, we evaluate performance with reduced inference steps on the
ABC—D setting.

Method Steps ‘ No. Instructions in a Row (1000 chains)

| 1 2 3 4 5  Avg.Len.
MoDE 10 96.2% 88.9% 81.1% 71.8% 63.5% 4.01+£0.04
MoDE-FM 2 93.5% 86.2% 77.5% 68.8% 60.5% 3.87+0.06

Table 5.8.: Performance comparison of MoDE with standard vs Flow Matching
objective on CALVIN ABC—D. MoDE-FM achieves comparable performance with
just 2 denoising steps.

As shown in Table 5.8, MoDE-FM maintains strong performance while re-
quiring only 2 denoising steps compared to the original 10 steps. The modest
performance drop (4.01 vs 3.87 average rollout length) suggests that our
noise-specialized experts successfully adapt to different denoising objectives.
Future work could explore combining MoDE with Flow Matching to further
reduce inference steps while maintaining high performance.
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5.4.8. Limitations

MOoDE still has certain limitations:

« In our experiments, we find that MoDE exhibits a slightly higher
standard deviation compared to the baselines. We hypothesize that the
router’s initialization has significant impact on overall optimization,
requiring future work on stabilizing routing models.

« when visualizing expert utilization, in some of our experiments we
noticed that only a subset of the total experts were being utilized - a
phenomenon known as expert collapse [29].

« Faster Inference is dependent on Expert Caching. Given the modest
size of the latent dimensions of MoDE naively using MoE design does
not result in faster inference.

+ MoDE using noise-only routing does not scale towards more than 4
experts. This limits efficiency gains compared to MoE using token-
routing that can be scaled towards several hundred experts [90].

5.5. Conclusion

In this work, we introduced Mixture-of-Denoising Experts (MoDE), a novel
Diffusion Policy that leverages a mixture of experts Transformer to enhance
the performance and efficiency of diffusion policies. We also proposed a
noise-conditioned routing strategy for learning specialized experts within
our model. In our extensive experiments and ablation studies across diverse
benchmarks, we demonstrated the advantages of MoDE to outperform prior
Diffusion Policies with a lower number of parameters and 90% less FLOPS
during inference. In future work, we want to experiment with more routing
strategies, such as expert-choice routing [225].
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6. FLOWER: Democratizing
Generalist Robot Policies with
Efficient
Vision-Language-Flow Models

In the preceding chapters, we introduced several contributions towards scal-
ing BC to versatile agents. Chapter 3 established score-based diffusion policies
as the policy representation for learning from play data (C1). Next, MDT
addressed the challenges of training on partially labeled datasets (C2) using
self-supervised learning with CLA and MGF. Chapter 5, introduced MoDE, a
noise-routing MoE-based diffusion policy, which was pretrained on robot-
agnostic robot play with efficient inference and improved generalization
(C3).

However, all prior policies rely on separate, pretrained encoders for image
and text representations. Their vision and language alignment is only trained
during the imitation learning phase. They do not leverage the semantic
grounding and cross-modal alignment achieved by generalist VLMs. In addi-
tion, our prior pretraining paradigms of MoDE were limited to single action
spaces Delta-End-Effector.

We introduce FLOWER, a novel compact, generalist VLA policy to address
these limitations through a unified, efficient VLA architecture. Using our
contributions of intermediate modality fusion for bridging the gap between
VLM and action generation efficiently (C3) and Action-specific global AdaLN
to tackle heterogeneous training on cross-robot and action spaces (C2). These
ideas are combined with fast and expressive Rectified Flow (RF) action gener-
ation (C1) towards a unified and general VLA. We systematically investigate
key design decisions for building compact VLAs. This final architecture,
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Early Fusion VLA: Late Fusion VLA: Intermediate Fusion VLA (ours):
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Figure 6.1.: Intermediate fusion for efficient VLA policies. Our fusion strategy
(top-right) strategically prunes VLM layers while enhancing Flow Transformer ca-
pacity in parameter-constrained settings. This approach informs FLOWER, a novel,
950M VLA that achieves competitive performance across 10 benchmarks using only
1% of the pretraining compute of models like OpenVLA [89], while maintaining a
small memory footprint across diverse embodiments and action spaces (bottom).

FLOWER, achieves state-of-the-art performance across 10 benchmarks. Cru-
cially, by requiring only 950M parameters and 1% of the pretraining compute
of prior models, FLOWER demonstrates the potential of compact, efficient
VLAs to democratize generalist robotics research.

The content of this chapter is based on the paper FLOWER: Democratizing
Generalist Robot Policies with Efficient Vision-Language-Flow Models
(Moritz Reuss, Hongyi Zhou, Marcel Riihle, Omer Erding Yagmurlu, Fabian Otto,
Rudolf Lioutikov, 2025), published in the Conference on Robot Learning (CoRL).
Wording, notation, and formulations were revised for this thesis.

6.1. Introduction

Achieving versatile robot policies that generalize across tasks and embodi-
ments requires strong semantic grounding from vision and language. Prior
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multimodal policies like MDT and MoDE use frozen CLIP embeddings, which
provide natural language understanding but lack the deep cross-modal align-
ment needed for robust instruction following in novel scenarios. VLAs address
this by leveraging pretrained VLMs, which learn richer vision-language align-
ment from internet-scale data [11, 89, 39]. However, current VLAs contain
billions of parameters [89, 113], limiting accessibility for research and deploy-
ment. Designing compact alternatives reveals a parameter budget trade-off
(Figure 6.1): a deep VLM backbone leaves insufficient capacity for the action
head to model multimodal trajectories, while a shallow VLM sacrifices the
semantic features needed for instruction following. Further, conditioning
the action head on full VLM forward passes slows training convergence and
increases inference latency.

To resolve this budget-tradeoff, we introduce four key contributions. First,
we propose intermediate-level fusion: we prune between 30% and 50% of
the pretrained VLM’s layers and condition our Flow Transformer on the
resulting intermediate embeddings, thereby retaining semantic grounding
while reclaiming parameters. Second, we develop a global action-space AdaLN
mechanism: an action-specific LayerNorm controller within the diffusion
transformer that reduces head parameters by 20% without any loss of accuracy
or expressivity. Third, we provide extensive ablations across multiple bench-
marks that evaluate design choices and yield additional insights into which
VLM architectures and pretraining objectives are best suited for efficient VLA
adoption.

Leveraging these contributions and insights, we present our fourth contri-
bution: FLOWER, a 950M parameter VLA policy that converges quickly,
cuts pretraining cost on heterogeneous robotics data by 99%, and yields com-
petitive performance with current VLAs across 190 tasks in 10 benchmarks
across simulation and real world settings.

6.2. Related Work

Early imitation-learning studies demonstrated that policy performance scales
with dataset size. For example, Pinto and Gupta [152] used over 50K grasps
and observed steady improvements in manipulation proficiency. Building
on this, the OXE benchmark provided 1.4M trajectories across more than
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20 robot embodiments, enabling research into generalist policies [30]. Sev-
eral diffusion-policy approaches directly train on OXE without leveraging
pretrained VLMs. Octo [140] applies a transformer-based diffusion policy to
delta end-effector actions but lacks a pretrained vision-language encoder and
model capacity, which limits its generalization as observed on benchmarks
such as SIMPLER [106]. RDT introduces a 1.2B-parameter diffusion trans-
former paired with an 11.4B-parameter pretrained language encoder model
and ViT. However, its one-month pretraining on 48 A100 GPUs highlights the
need for more computationally efficient VLA pretraining [113]. Addressing
this need, our contributions yield versatile VLAs in only 200 GPU hours of
pretraining.

To address generalization, recent methods incorporate large pretrained VLMs
into the policy. OpenVLA fine-tunes a 7.7B-parameter VLM for discrete
end-effector action prediction, yet its size makes real-robot deployment chal-
lenging [89]. Several other VLAs apply discrete action prediction [18, 226,
39, 16, 173, 43]. RoboDual improves upon OpenVLA, by integrating a small
diffusion transformer with OpenVLA via asynchronous updates, while Latent
Bridge uses a fine-tuned VLM to generate latent commands that condition
a diffusion policy [20, 178]. Similar to FLOWER, 7, [11] and GROOT-N1
[10], also introduce generalist flow-based VLA with more than 2B parame-
ters, which are both trained on a closed-source cross-embodiment datasets.
Despite their effectiveness, these approaches retain very large VLMs with
high-memory requirements and slow convergence. In contrast, FLOWER
matches these methods with less than 1 billion parameters and significantly
lower memory and fully open source training.

Cross-Embodiment Learning A core challenge in robotics is learning a
unified policy for heterogeneous embodiments with distinct action and sensor
spaces. Early approaches often applied modular policies [70] or hardware-
conditioned representations [26], and some leveraged graph-based repre-
sentations to generalize across different robot hands [146, 214]. However,
these efforts tended to focus on smaller datasets or simplified environments.
Recent work on large-scale cross-embodiment includes RoboCat [16] and
PolyBoT [214], which use action tokenization or hierarchical controllers,
respectively. Liu et al. [113] propose a unified 258-dimensional action space
(RDT-1B) with fixed action prediction length of 64 for all action spaces, while
CrossFormer [36] employs separate action heads with a continuous action pre-
diction head for different embodiments but lacks a pretrained vision-language
component for generalization to diverse instructions. By incorporating an
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action-type Global AdaLN conditioned Flow Transformer with a pretrained
VLM, FLOWER efficiently handles multiple embodiments while maintaining
both action expressiveness and semantic understanding.

Rectified Flow and Diffusion Models in Robotics. Diffusion models [66,
188, 184] have become widely used for generating continuous robot actions
from visual inputs [27, 140, 162, 84], offering multi-modal behavior [78] and
good scaling with large datasets [140, 113, 160]. More recently, Rectified
Flow [42, 3, 109] has emerged as a promising alternative, enabling a straight-
line probability path for action sampling that requires few discretization
steps. In robotic policy learning, ActionFlow [50], 7y [11] and others [221,
17] showed rectified flow can generate actions more rapidly than standard
diffusion. Such fast inference is crucial for high-frequency robot setups like
Aloha [49]. Yet, these works are typically confined to a single embodiment
or a single action space. By contrast, FLOWER is the first completely open-
source policy to apply rectified flow as a generalist policy component, unifying
expressive and multimodal flow-based action generation with diverse vision-
language contexts. While 7y published their weights for finetuning, the code
for pretraining and their dataset remains closed source.

Efforts to reduce model size and finetuning overhead include using smaller
VLM backbones or alternative fusion strategies. TinyVLA attaches a compact
diffusion head to a lightweight VLM with a late-fusion approach and no
pretraining [206]. Fusion strategies range from early fusion, that merges raw
VLM outputs with the action generator at the input stage, to late fusion, where
modalities are processed separately and combined only after independent
streams [206, 113, 69, 102]. In contrast, intermediate fusion (our contribution)
injects mid-level VLM tokens into the Flow Transformer, allowing selective
pruning of the VLM while preserving semantic richness. While DeeR-VLA
[216] has explored early exit strategies for continuous action prediction
VLAs, FLOWER significantly surpasses it across benchmarks by wide margins
thanks to our novel flow-based fusion design. Beyond model architecture, the
choice of data sources and automated data collection are key to pretraining
robust policies. Concurrent work has also explored intermediate-fusion [10]
without any ablation and insights on the impact. FLOWER advances efficient
VLAs using intermediate-modality fusion and global-adaln conditioning,
enabling faster training and inference while achieving SoTA performance on
diverse benchmarks.
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Figure 6.2.: Visualization of the FLOWER architecture. A fine-tuned VLM pro-
cesses multimodal inputs and integrates intermediate features into a Flow Transformer
via cross-attention. The model predicts velocity fields with Global AdaLN-Zero condi-
tioning for the action space, embodiment, and temporal metadata.

6.3. Method

We learn an efficient, generalist policy 7p that generates actions conditioned
on state s, text goal tokens g, and meta-embodiment information e. This
task is challenging due to heterogeneity in action spaces (varying degrees-
of-freedom, control modes), observation spaces (different sensors), and task
specifications (diverse language goals). Given trajectories from multiple
embodiments, we learn a unified policy that generalizes across robots, tasks,
and observation formats by maximizing Ly = E(sq,g,e)~p[log mg(a | s, g, e)].
FLOWER does not use history of frames and predicts a chunk length of H = 10
if not noted otherwise.

6.3.1. Intermediate Modality Fusion
Vision-Language-Action-Models

On a high level, flow-based VLA consists of two main components: A VLM
pretrained on internet-scale vision and text data to encode state information
and text and a flow prediction module to generate a sequence of actions
conditioned on the current context from Gaussian noise.

We propose to fuse pretrained vision-language representations with Flow
Transformer embeddings at an intermediate stage to balance semantic depth
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6.3. Method

and computational efficiency. We hypothesize that intermediate represen-
tations retain useful visual and language context while avoiding the cost of
the full generative backbone. We therefore extract hidden states from an
intermediate stage of the VLM after jointly encoding visual (ViT) and textual
tokens. This is an architectural hypothesis tested by the fusion and pruning
ablations in Section 6.4.1, rather than a general claim about the semantics of
a particular quarter of transformer layers. We prune the VLM based on its
architecture: For Encoder-Decoder VLMs (Florence-2 [211]), we remove
the full decoder, keeping only the encoder LLM layers. This reduces the
number of layers by 50% while increasing its performance and efficiency. For
Decoder-Only VLMs (SmolVLM2-Video [126]), we drop the final 30% of
transformer layers. This targeted pruning cuts 20-35% of parameters and
reduces per-step latency. In Section 6.4.1, we provide ablations to verify our
intermediate fusion design. The full architecture is visualized in Figure 6.2.

Next, we take the projected VLM latent tokens and inject them into the Flow
Transformer via cross-attention. For increased stability, we map the VLM
hidden states through a linear layer followed by RMSNorm [219]. This design
conditions each Flow layer on semantically rich VLM features, preserving spa-
tial and contextual structure and enabling faster policy convergence without
the late fusion overhead.

6.3.2. Cross-Action Space Flow Transformer

We design a novel, efficient Flow Transformer to handle heterogeneous action
spaces efficiently. In particular, we introduce Action-Space Global-AdaLN-Zero,
a unified normalization layer that conditions each transformer block on both
temporal signals (e.g., flow time step) and per-action-type embeddings with-
out incurring large parameter overheads, as illustrated in Figure 6.3. Standard
AdaLN-Zero uses distinct scale-and-shift parameters per layer, increasing
parameter count by 30% in diffusion transformers [148].

In contrast, Action-Space Global-AdaLN-Zero shares a single set of modulation
weights across all layers, while generating unique modulation signals for
each action category (e.g., delta-EEF vs. joint angle), initialized with zeros
for stable training. This reduces parameter count by over 20% compared to
naive AdaLN-Zero, yet preserves adaptation to action-space statistics. Given
this lower per-layer expressiveness, we additionally inject lightweight LoRA
adapters into each layer. This provides fine-grained, layer-specific modulation
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Figure 6.3.: Visualization of AdaLN for Diffusion/Flow Policies. Comparison of
standard DiT blocks and our proposed Global AdaLN with layer-specific Lora adapters.

with only a few extra parameters per block. Additionally, each action type
uses a small encoder/decoder to map actions into/out of the transformer latent
space, enabling consistent handling of differing action dimensions without
sacrificing weight sharing.

6.3.3. Rectified Flow for Action Generation

FLOWER uses Rectified Flow for action generation, following the formulation
in Section 2.1.4. Flow models learn straight-line velocity fields between
noise and data distributions [109, 114], reducing inference computation while
maintaining expressiveness—crucial for real-time robot control.

For the conditional action distribution 7y (als, g, €), the flow interpolation
is:
zz=(1—-ta+tz;, z1~N(0I), (6.1)

where ¢ € [0, 1] is the flow time, a is the ground truth action chunk, and z; is
standard Gaussian noise. The velocity field vy is trained with:

Lrr =Bz, [(z1 —a) —vg (2t Le)|’] . (6.2)
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Inference requires only N = 4 Euler steps for single-arm manipulation and
N = 8 for high-frequency bimanual tasks.

6.3.4. FLOWER: Efficient Flow-based
Vision-Language-Action Models

Leveraging our contributions and insights in intermediate fusion and Global-
AdaLN, we present FLOWER: a compact, efficient VLA policy with exceptional
performance-to-parameter ratio. FLOWER uses half of the Florence-2-L
VLM as its primary backbone, which our ablations show provides optimal
performance for robotic manipulation tasks. The model employs an 18-layer
Flow Transformer with 1024 latent dimension. Together with the action-
specific modules, FLOWER has 947M parameters in total and only requires
1.85 GB of VRAM. This architecture achieves the computational efficiency
required for real-time deployment.

Cost-Effective Pretraining Setup. To enable fast, cost-efficient pretraining,
FLOWER uses a curated mixture of eight public datasets from OXE (approxi-
mately 250k trajectories total). We prioritize broad scene and embodiment
diversity—including Franka Pandas and XARMs—and, inspired by Lin et al.
[108], draw 75% of our data samples from DROID [85], Google Robot [226],
and BridgeV2 [200]. Unlike most OXE datasets, these data are gathered in
varied environments with rich distractions, backgrounds, and objects. We use
an action chunk length of 20 and a single static image input. The image count
is a choice in our pretraining setup, evaluated in Appendix D.2.1. By training
on a compact mixture of 74% delta-EEF and 26% single-arm joint-state data,
we complete 360, 000 steps in 48 h (= 200 GPU-hours). Extending the run
yields no further gains (see App. D.2). To identify this optimum, we track
zero-shot success on the Bridge SIMPLER benchmark [106], observing that
FLOWER Bridge performance stagnates thereafter.

6.4. Evaluation

We structure our evaluation around three research questions:

RQ I How do intermediate fusion, Global AdaLN, and other design choices
impact performance?
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Figure 6.4.: Simulation Environments used to test FLOWER. From left to right:
CALVIN [130], LIBERO [110], SIMPLER [106] with the Bridge and Google Robot variants
and Aloha Simulation Benchmark [222]. The simulation panels credit the original
benchmark papers; the ALOHA Cube Transfer and Bimanual Insertion tasks were
introduced with ACT [222]. The final two panels show our own real-world kitchen
and generalization settings with clutter, different lighting, and novel objects.

RQ II Does FLOWER match state-of-the-art VLAs while reducing computa-
tional cost?

RQIII Can a sub-1B parameter VLA generalize across embodiments, action
spaces, and novel environments?

We evaluate across 190 tasks in 10 benchmarks: CALVIN [130], LIBERO [110],
SIMPLER [106], Aloha [222], and real-world kitchen manipulation. We use
a history length of 1 and an action chunk length of 10 for all single-arm
simulation setups, 20 for real-world setup and 50 for the bi-manual finetuning
experiments.

6.4.1. Evaluation of Critical Design Decisions for Efficient
Flow VLAs

In this section, we evaluate the key design decisions that impact the efficiency
and performance of small Flow-based VLAs across two benchmarks: CALVIN
ABC [130] and LIBERO-Long [110]. We train each policy variant with 3 seeds
for up to 100k steps and report the average performance. While CALVIN-
ABC focuses on generalization for free form instruction following to solve 34
different task, LIBERO-Long emphasizes long-horizon task completion. Both
benchmarks are established for testing VLAs and provide useful insights into
optimal design.

Does intermediate fusion provide strong performance with higher
efficiency? The fusion strategy determines how the VLM’s vision-language
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Fusion Performance (%) Layers Model
Strategy Florence-VLM SmolVLM2 C-ABC L-Long
C-ABC L-Long C-ABC L-Long Full 66.3+2.0 69.2+1.9
Early 57.1+53 33.4+£6.0 | 25.8+£3.9 44.5+2.7 0.2 68.6 +3.2 71.8+3.7
Inter. 89.5+1.0 93.4+2.0|721+£5.0 70.7+2.3 0.3 72.1+5.0 70.7+2.3
Late 71.2+2.2 61.8+2.5|663+2.0 69.2+1.9 0.5 66.4+6.4 62.5+3.5
Table 6.1.: Evaluation of different VLA fusion Table 6.2.: Comparing

strategies. Intermediate fusion yields the best perfor- Layer Pruning for CALVIN
mance across both VLM types. C-ABC reports mean ABC and LIBERO Long.
CALVIN chain length divided by 5 and multiplied by

100%; L-Long reports full-task success.

features integrate with the action prediction model. We compare three strate-
gies: early fusion (combining noise token with VLM tokens at LLM level),
our proposed intermediate fusion, and late fusion (using final VLM outputs
to condition the flow prediction module). As shown in Table 6.1 and Ta-
ble 6.2, intermediate fusion outperforms alternatives with both model variants
and on both benchmarks. With Florence-VLM, it achieves 93.4% success on
LIBERO-Long, a 60.0 percentage point improvement over early fusion (33.4%)
and 31.6 points over late fusion (61.8%). This confirms our hypothesis that
intermediate-layer features provide an optimal balance of semantic richness
and computational efficiency, addressing (RQ I).

What type of VLM backbone is

best for efficient VLAs? We ex- Variant ‘ Avg. Len.
plore different VLM backbones, compar- ~FLOWER 4.44+0.04
ing Florence-2-L [211] and SmolVLM2-  + standard AdaLN | 4.43+0.03
500M [126]. Beyond their architectural - Flow Head 3.33+0.04
differences (Florence-2 being encoder- - Custom LR 4.40+0.05
decoder and SmolVLM2 decoder-only), - No VLM train 2.65+0.36
their pretraining objectives significantly ~ * small Florence 4.26+0.04
differ. Florence-2 was trained on FLD- - VLM 3.42+0.07
5B (5.4 billion annotations across 126  * Discrete Token 1.12+0.12
million images) with emphasis on ob- ¥ Smaller Head 2.60 £0.09

ject detection, segmentation and visual

grounding, while SmolVLM2’s pretrain- Table 6.3.: Ablation results for
ing prioritizes general reasoning and FLOWER on CALVIN ABC.
language understanding capabilities across text, videos and images. This
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is representative for a standard VLM pretraining. Florence-2’s pretraining
transfers more effectively to robotic manipulation tasks, addressing (RQ
I). We therefore use the Florence-2 variant of FLOWER for all subsequent
experiments.

Does Global-AdaLN enable more efficient Flow Transformers? Next,
we compare our proposed Global-AdaLN against default AdaLN used in prior
work [163, 84] for our Florence-based FLOWER model on CALVIN ABC. The
results in Table 6.3 demonstrate that our proposed Global AdaLN enables
relevant parameter reduction of 20% without reducing the performance.

Do we need a large-capacity Diffusion Transformer? Next, we test
FLOWER with a small action head using 384 latent dimensions and 6 layers.
The final model only achieves significantly lower average performance of 2.60
compared to our design. This confirms that having a high capacity Diffusion
Transformer is crucial for performance.

What other design choices matter? Finally, we test our VLA with several
ablation variants using the Florence-2 version on CALVIN ABC (Table 6.3).
The smaller Florence reduces performance notably, while the frozen VLM
has an even bigger negative impact on performance. In addition, our cus-
tom Learning Rate scheduler increases performance. Finally, we compare
FLOWER with an L1-prediction head like ACT [222] and a discrete token vari-
ant to demonstrate the importance of using flow prediction. These findings
complete our analysis for (RQ I).

6.4.2. Simulation Experiments

Next, we take the best performing VLA variant, FLOWER, with the Florence-
2-L backbone and pretrain it on our pretraining mix. After pretraining,
we evaluate FLOWER across multiple simulation benchmarks to assess its
performance, generalization capabilities, and adaptation to different robotic
environments.

Benchmark Evaluation. We evaluate FLOWER on four established bench-
mark suites (detailed in Section 2.3.5): CALVIN [130] (34 tabletop tasks,
three settings: D, ABC, ABCD), LIBERO [110] (four 10-task variants plus
LIBERO-90), Aloha [222] (bimanual manipulation at 50Hz), and SIMPLER
[106] (real-to-sim transfer evaluation).

126



6.4. Evaluation

Methods | gige | SimplerEnv | Atoha | LIBERO | CALVIN

| | GoogleR ~ WidowX | | Spatial ~ Object Goal Long 9 | D  ABC ABCD
Diff-P-CNN [27] 0.2B - - - 783 92.5 68.3 50.5 - 1.35 3.16
Seq-BESO [162] 0.2B - - - - 319 206 405
MDT [163] 0.2B - - 95.2 97.8 - 830 - |32 - 452
Octo [140] 0.1B 11.0 16.0 - 78.9 85.7 84.6 51.1 - -
CrossFormer 0.1B 13 30.0 - - - - - -
GR-1 [208] 0.2B - - - - - - - - - 306 421
Seer [193] 0.38 - - - - - - 877 - - 428 -
3DDA [84] 0.1B - - - - - - - - - 335 -
MoDE [160] 0.4B - - - - - - 940 950 | - 401 439
RT-1-X [30] 0.58 424 11 - -
Baku [59] - - - - - - - 86.0  90.0
SmolVLA [181] 0.38 - - - 93.0 940 910  77.0 -
GROOT-N1 [10] 2B 467 - - 944 97.6 930  90.6 - - -
o [11] 3B - 278 34 96.8 988 958 852 - | 376 384 -
7-FAST [151] 3B 61 395 - 96.4 9.8 886 602 - - 424 445
mo.5-ki [38] 3B - - - 98.0 97.8 956 858  96.0 - - -
RoboFlamingo [105] 3B - - - - - - - - - 247 4.09
SpatialVLA [154] 4B 72.9 427 - 88.2 899 786 555 - - - -
DeeR-VLA [216] 7B - - - - - - - - - 290 413
OpenVLA [89] 7B 245 1.0 - 847 884 792 537 - - 327 -
OpenVLA-OFT [88] 7B 58.5 313 - 97.6 98.4 97.9 94.5 - - -
CoA-VLA [102] 7B - - 853 931 858 550
FLOWER (Ours) | 1B | 319 450 | 41 | 975 99.1 961 949 947 | 435 453  4.67

Table 6.4.: Comparison of FLOWER with state-of-the-art VLA methods across
SimplerEnv (Google Robot and WidowX), Aloha-Sim, LIBERO, and CALVIN
benchmarks. Size indicates total model parameters. CALVIN reports average chain
length across D (single environment), ABC (zero-shot generalization), and ABCD
(multi-environment) settings. SIMPLER reports full-task success; the RT-1-X, Octo,
CrossFormer, OpenVLA, and FLOWER entries follow the detailed FLOWER task
tables [161], reproduced in Appendix D.3. Google Robot includes four categories
(including apple placement), and retains the reported FLOWER task-table scores;
Chapter 5 instead computes an explicit three-category mean across Visual Matching
and Variant Aggregation. WidowX excludes partial grasp scores. TMDT LIBERO
results are from the OpenVLA-OFT comparison [88]: training from scratch on the
original, unfiltered dataset with 100% language annotations (reported for the fully
labeled setting), distinct from the 2%-labeled setting in Chapter 4.

Baselines. We compare FLOWER against state-of-the-art VLA policies and
specialized approaches, using results reported in prior publications for fair
comparison. Our primary comparisons include OpenVLA [89] (7.7B parame-
ters), OpenVLA-OFT [88], the 7y, 7o-FAST, and 7 5-ki variants [11, 38, 151]
(3B parameters), and Diffusion Policy with a CNN backbone [27]. We provide
detailed comparisons against additional baselines for each benchmark in Ap-
pendix D.3, including video-based VLAs like VPP [69] and specialized policies
like Baku [59]. FLOWER uses 950M total parameters, substantially fewer
than the 7B-parameter OpenVLA variants; inference speed and memory are
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Figure 6.5.: Real World Results for Multi-Task and Generalization Experiments

compared in Table 6.5. For reference, finetuning OpenVLA-OFT on a single
LIBERO setup requires comparable compute to FLOWER pretraining.

Results. Table 6.4 summarizes the results. FLOWER achieves the highest
listed average chain lengths on CALVIN and competitive results on LIBERO
and Aloha. It does not lead every benchmark: OpenVLA-OFT has a higher
four-suite LIBERO average, and 79 5-ki has a higher LIBERO-90 score. Impor-
tantly, FLOWER was evaluated zero-shot on SIMPLER without task-specific
finetuning, whereas OpenVLA-OFT and all 7 models require full finetuning
to achieve their reported results. FLOWER surpasses OpenVLA on CALVIN
and LIBERO by wide margins despite its smaller size and faster training,
and outperforms 7y on CALVIN, LIBERO, and Aloha. These results demon-
strate FLOWER’s versatility in adapting to diverse embodiments and task
settings, confirming strong performance at low computational cost (RQ II)
and generalization to unseen environments (RQ III).

Comparison with Thesis Contributions. On CALVIN, FLOWER improves
on BESO (2.06 to 4.53 on ABC and 4.05 to 4.67 on ABCD), MDT (4.52 to 4.67
on ABCD), and MoDE (4.01 to 4.53 on ABC and 4.39 to 4.67 on ABCD). On
LIBERO-Long, FLOWER achieves 94.9% compared with MoDE’s 94.0%, while
MOoDE retains the higher LIBERO-90 score (95.0% versus 94.7%). MDT’s 83.0%
LIBERO-Long result uses the fully language-labeled setting reported by Kim,
Finn, and Liang [88], whereas Chapter 4 studies sparse language annotations.
FLOWER uses one pretraining recipe followed by separate finetuning for each
setting, demonstrating how the architectural advances developed throughout
this thesis support a generalist policy (RQ I, II, III).
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6.4. Evaluation

Figure 6.6.: Overview of Real World Tasks and Generalization Settings. The
left half shows example tasks used to evaluate policies in the play kitchen setup. The
right part shows different challenges of generalization. We test policies in cluttered
environments, under reduced lighting and with novel objects.

6.4.3. Real-World Evaluation and Generalization

- ~-

(a) Unseen Tested Objects (b) Cluttered Scene with Distractors

Figure 6.7.: Generalization Experiments: Examples of unseen objects (left) and
cluttered scenes (right) used to test the adaptability of the policies in our real-world
setting. All the tested objects are not included in the training dataset.

Next, we validate our results from simulation in a real world setup. Therefore,
we evaluate FLOWER in a real-world kitchen setting with a Franka Panda
Robot across 20 distinct tasks involving various objects. The FLOWER dataset
contains 417 language-annotated short-horizon segments from approximately
45 minutes of demonstrations. We follow the detailed collection protocol in
Appendix D.3.5: a human moves a leader robot to teleoperate the follower,
with two static camera views and joint-position actions recorded at 6 Hz.
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Method Throughput (Hz)T Latency (s)] VRAM (MB)]
DP (0.26B) 130.67 0.341 517
OpenVLA (7B) 6.09 0.164 14574

7o (3.3B) 288.11 0.104 6692
FLOWER+LF(1.15B) 287.36 0.055 2235
FLOWER (0.95B) 311.04 0.052 1848

Table 6.5.: Mean inference efficiency (1000 steps in Bf16). All policies except
OpenVLA use chunk length 50. LF refers to Late Fusion Ablation of FLOWER with
the complete VLM.

This is the same play-data collection used for the BESO experiments in Chap-
ter 3. BESO evaluates a ten-task subset of the kitchen repertoire; FLOWER
evaluates all twenty tasks here. MDT uses the separate 4.5-hour partially
labeled play collection described in Chapter 4. All Policies are finetuned in
joint state space at 6 Hz. An overview of these real-world tasks is shown in
Figure 6.6 and we additionally provide rollouts in our project page. We com-
pare FLOWER against several generalist VLA policies: Octo [140], OpenVLA
[89], and CrossFormer [36], all finetuned on our dataset using recommended
hyperparameters (see Section D.3.5.1 for details).

Results. First, we test all policies on instruction following for all 20 different
tasks. Each task is evaluated five times from randomized starting positions.
As shown in Figure 6.5a, FLOWER achieves the highest average success
rate (61%), approximately twice the success rate of the second-best baseline,
OpenVLA (31%). FLOWER demonstrates strong performance compared to
state-of-the-art baselines in real-world settings and addresses (RQ II).

Generalization Analysis. We further test FLOWER’s generalization ca-
pabilities against OpenVLA under challenging conditions: novel objects,
flashlight-only lighting, background distractors, and new task compositions.
As summarized in Figure 6.5b, FLOWER consistently outperforms OpenVLA
across all scenarios, averaging 51.0% success compared to OpenVLA’s 23.4%.
These experiments verify that FLOWER can effectively adapt to unstruc-
tured, real-world variations (RQ III), though it still faces challenges with fine
manipulation in highly cluttered environments.

Inference Efficiency. We evaluated FLOWER against baselines on an RTX
4090 GPU (Table 6.5). FLOWER achieves a throughput of 311Hz, making it 8%
faster than , (288Hz), and 5007% faster than OpenVLA (6.1Hz). FLOWER has
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the lowest memory footprint among VLAs, using 27.6% of 7y’s memory
and 12.7% of OpenVLA’s, making it ideal for commodity hardware. These
results strongly support (RQ II).

6.5. Limitations

Despite its advantages, FLOWER still has several limitations. First, it relies
on an iterative sampling procedure, which is inherently slower than a single
forward pass from deterministic policies. Second, we have validated FLOWER
primarily on three manipulation action spaces; its ability to generalize to other
embodiments, such as mobile navigation or humanoid locomotion, remains
unexplored and is an important direction for future work. Third, pretraining
performance for zero-shot deployment on the SIMPLER Google Robot bench-
mark indicates that further improvements are needed. We hypothesize that
the generalization tested in SIMPLER benefits from larger models. Fourth,
although FLOWER is considerably smaller than most state-of-the-art VLA
models, its ~ 1 B-parameter size may still present deployment challenges in
low-resource or real-time settings. Fifth, eight out of our ten used benchmarks
are conducted in simulation, limiting the extent to which our results can be
taken as evidence of real-world generalization.

6.6. Conclusion

We introduced several contributions for efficient VLAs: intermediate-level fu-
sion that preserves semantic understanding while pruning 30-50% of VLM lay-
ers, and global action-space AdaLN that reduces transformer head parameters
by 20% without compromising expressivity. These techniques enable compact
yet powerful flow-based VLAs. This yields FLOWER, an efficient VLA that
matches current state-of-the-art VLAs across 190 tasks in 10 benchmarks,
despite requiring only 950M parameters and 200 GPU hours for pretraining.
Intermediate modality fusion for VLAs and parameter-efficient conditioning
mechanisms democratize access to capable robotics foundation models.
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7. Conclusion

In this thesis, we proposed methods to learn multimodal, versatile behavior
from partially-labeled, robot-agnostic datasets using behavior cloning. In
this chapter, we summarize our main contributions and discuss directions for
future work.

7.1. Summary

In Chapter 1, we defined three core challenges for learning versatile behavior
from robot- and task-agnostic play data:

C1: Policy Expressivity for Multimodal Behavior. The first challenge
focused on policy representation suited for learning from diverse, multimodal
play data.

C2: Learning from Heterogeneous, Partially-Labeled Play Data. The
second major challenge was data-centric. Many play datasets are only par-
tially labeled and require methods that can extract goal-following capabilities
from this setup. Furthermore, robot-agnostic play datasets introduce another
core issue: cross-action space and cross-embodiment data.

C3: Computational Efficiency for Training and Deployment. Versatile
policies require scaling data and model capacity. However, in contrast to
other domains like image generation, runtime and memory requirements are
critical for deployment on real robots. Thus, the final challenge concerns
efficient policy architectures and training for learning from diverse robot

play.

Towards addressing these core challenges, we introduced four contribu-
tions:
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Chapter 3 proposed score-based diffusion policies as a general policy repre-
sentation for learning from diverse play data, addressing C1. The chapter
explored core challenges of adopting score-based diffusion models for policy
learning and proposed two novel score-transformer architectures as model
backbones. Further, we systematically investigated key design decisions of
score-based models for learning actions. We validated BESO’s ability to cap-
ture multimodal behavior by simultaneously learning goal-conditioned and
goal-independent policies via CFG. The classifier-free guidance formulation
further enables composable goal-conditioned and goal-independent behav-
iors from a single model. By predicting clean samples rather than noise and
optimizing the noise schedule, BESO achieved state-of-the-art performance
in just three denoising steps.

Chapter 4 presented MDT, which extracts language-conditioned policies from
partially-labeled play data to tackle C2. The core contributions of MDT are
two auxiliary objectives for multimodal policy learning from partially-labeled
data. CLA introduces a contrastive objective to align the goal-conditioned
state representations of diffusion policies, improving multimodal goal fol-
lowing and performance. Further, MGF introduces a foresight objective that
enforces the policy to predict masked future frames conditioned on the cur-
rent goal-conditioned state embedding. Using the insight that synergies exist
between generating visual predictions and actions, this objective further
boosts policy performance across simulation and real-world settings. Finally,
MDT improved BESO’s transformer backbone using a lightweight encoder-
decoder design. Together, these innovations lead to improved performance in
multimodal goal-conditioned learning on diverse benchmarks in simulation
and the real world.

Chapter 5 contributed MoDE, the first mixture-of-experts diffusion policy
with noise-conditioned expert routing. By treating denoising as a multitask
problem, MoDE learns specialist experts for different noise ranges. This
design has several advantages: denoising experts can be cached and merged
at test time for faster inference with fewer FLOPs. We pretrained MoDE on a
cross-embodiment mix of OXE datasets and finetuned it locally on different
benchmarks to analyze its scaling ability. Our SIMPLER [106] results are
comparable to OpenVLA [89] while using approximately one twentieth of its
reported pretraining compute; the Google Robot evaluation follows Fractal
finetuning, while WidowX evaluates transfer from pretraining. Our results
on LIBERO and CALVIN further verify these findings and demonstrate the
advantages of pretraining and expressive policy design.
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7.2. Discussion and Outlook

Chapter 6 unified these insights in FLOWER, a compact and efficient vision-
language-action model. FLOWER tackles all challenges addressed in prior
chapters: intermediate-fusion conditioning enables faster and more resource-
efficient training (C3), action-specific Global AdaLN addresses pretraining on
heterogeneous play data (C2), and rectified flow provides an expressive, mul-
timodal policy representation (C1). Pretrained on a cross-action-space dataset
in just 200 GPU hours, FLOWER achieved state-of-the-art results across 10
benchmarks with 4 robots and 3 action spaces. On CALVIN ABC—D, it
achieves a published average completed-chain length of 4.53 out of 5 instruc-
tions (Table D.5). Its generalization is further evaluated in real robot kitchen
experiments. Our efficient design democratizes research in large-scale VLA
pretraining and enables deployment on edge hardware thanks to its low
memory footprint.

7.2. Discussion and Outlook

This thesis offers a general recipe for learning versatile manipulation
from partially-labeled robot play: expressive diffusion policies (BESO),
self-supervised multimodal alignment (MDT), efficient scaling via noise-
conditioned mixture-of-experts (MoDE), and compact vision-language-action
models (FLOWER). Together, these contributions demonstrate state-of-the-art
performance with compact models and limited compute.

Yet fundamental challenges remain: some with clear research directions,
others representing more general open problems in the field of imitation
learning.

7.2.1. Follow-Up Research Directions

Dynamics-Aware Visual Representations. MDT’s self-supervised objec-
tives partially compensate for CLIP’s limitations, but the core issue persists in
all modern VLMs: CLIP encodes static image-text correspondences without
temporal or dynamics grounding [121]. Robotics requires representations
that understand concepts like “pushing” as seen in motion, not frozen frames.
Policy finetuning partially bridges this gap but degrades the generalizable
visual features learned during pretraining [89]. The release of large-scale
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egocentric robot and human video datasets with action labels [68, 85] cre-
ates an opportunity to incorporate these datasets with novel loss objectives
into the pretraining phase of CLIP. The next generation of VLAs requires a
robot-first training paradigm across all stages of foundation models: from
CLIP pretraining to VLA finetuning.

Embodied Memory. Current policies, including all image-based architec-
tures in this thesis, condition on single frames only. This suffices for reactive
tasks but fails for sequential behaviors requiring state tracking, like scooping
three times or remembering which drawer was already checked. Naively con-
catenating frame histories degrades performance due to domain shift between
human demonstrations and robot execution [27]. The field needs memory
mechanisms designed for embodied control: compact, robust to distribution
shift, and queryable by the policy. Whether this resembles attention over
keyframes, explicit state registers, or learned text summarization remains
open for future exploration.

7.2.2. Fundamental Open Research Problems in Imitation
Learning

What Makes a Good Demonstration? Imitation learning is bounded by
demonstration quality, yet we lack any principled understanding of what
“quality” means. Is a slow, deliberate demonstration better than a fast one?
How much failure recovery data do we need? These questions lack evidence-
based scientific answers. Current best practices rely on intuition and many
iterations of trial-and-error with few work directly addressing these chal-
lenges [108, 7]. Without clear scientific understanding, scaling data collection
remains guided by intuition rather than principle.

Data Composition for Transfer. Large-scale VLA pretraining mixes het-
erogeneous robot datasets, but which combinations yield positive transfer
during local finetuning? Current practices are empirical due to the high
cost of VLA pretraining. Most papers report single runs without ablations
on dataset composition [89, 113]. Future work must develop methods to
better understand the interdependencies of robot datasets for principled VLA
training paradigms. Since compute costs make systematic ablation infeasible,
we need theoretical frameworks or efficient proxies to predict transfer before
committing thousands of GPU hours.
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7.2.3. Closing Perspective

When I started this thesis four years ago, I believed that algorithmic limitations
were the primary bottleneck for achieving general manipulation agents. I
now think the core bottleneck is data: its collection, curation, and dataset
composition. Diffusion policies combined with VLMs have largely solved the
expressivity problem.

FLOWER demonstrates that compact, efficient VLAs can match models re-
quiring orders of magnitude more compute. This matters because accessible
research is faster research. If the next breakthrough requires thousand-GPU
clusters, only a few labs can participate. If it requires a few nodes and a few
hundred GPU hours, the entire community can iterate.

I opened this thesis with a robot commanded to empty a dishwasher. For any
kitchen in any home, that task remains unsolved. The methods presented in
this thesis make that task achievable in a single environment with sufficient
data, providing a foundation for future work to extend them toward the
general case.
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A. Supplementary Material for
BESO

A.1. BESO Hyperparameters

Model Type BESO Seq-BESO

Hyperparameter | Block-Push  Relay-Kitchen  Aligning Img-C Lang-C Block-Push  Relay-Kitchen  Img-C Lang-C Real World
Hidden Dimension 240 360 72 768 768 240 192 512 512 1024
Hidden Layers 4 6 4 6 6 4 6 6 6 8

Obs Seq Len 5 5 5 2 2 1 1 1 1 1

Act Seq Len 1 1 1 1 1 4 4 10 10 10
Goal window size 1 2 2 1 1 1 1 1 1 1
Number Heads 12 6 6 4 4 12 3 5 5 8
Attention Dropout 0.05 03 03 02 02 0.05 03 03 03 03
Residual Dropout 0.05 01 01 01 01 0.05 01 01 01 01
Learning rate led le-d Se-d le-d le-d le-d led le-d le-d led
Optimizer Adam Adam Adam AdamW AdamW Adam Adam AdamW AdamW AdamW
a 1 1 3 1 1 5 5 80 80 80
in 0.05 0.005 0.005 0.005 0.005 0.05 0.005 0.001 0.001 0.001
ta 05 05 05 05 05 05 05 05 05 05
Noise distribution | Log-Logistic ~ Log-Logistic ~ Log-Logistic ~Log-Logistic ~ Log-Logistic | Log-Logistic ~ Log-Logistic ~ Log-Logistic  Log-Logistic Log-Logistic
EMA True True True True True True T True True True
Vision Encoder None None None ResNet-18  FiLM-ResNet-18 None None ResNet-18  FiLM-ResNet-18  FiLM-ResNet-18
Sampler Type DDIM DDIM DDIM DDIM DDIM DDIM DDIM DDIM DDIM DDIM
Noise scheduler Linear Linear Exp Exp Exp Linear Linear Exp Exp Exp
Batch Size 1024 1024 1024 64 512 1024 1024 512 512 512
Train steps 60k 40k 40k 120k 30k 40k 40k 40k 30k 100k

Table A.1.: Overview of the most important Hyperparameters for BESO for
tested environments. Img-C refers to image-only CALVIN experiments and Lang-C
refers to Language-conditioned CALVIN benchmark experiments.

A summary of key hyperparameters of BESO is listed in Table A.1. We observe,
that transformer specific-hyperparameters such as the dropout rates require
tuning according to the task, while general diffusion hyperparameters remain
consistent across different tasks.

Architecture Hyperparameters. For state-based experiments, we found
that smaller transformer architectures with a hidden dimension of 180 — 320
are typically enough to achieve very high performance across various tasks.
Image-based experiments benefit from larger hidden dimensions (512 — 1024)
with 6 — 8 transformer layers. Dropout is crucial in image-based transformer
models, with recommended rates of 0.3 for attention and 0.1 for other trans-
former components.
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Noise Range and Normalization. BESO performs optimally when actions
are diffused within [—1, 1] with a noise range of [0.005, 1] for single-action
prediction. Seq-BESO uses a range of [0.001, 80] for action chunk prediction in
image-based settings. These values align with those used in image-generation
Diffusion Models Karras et al. [83]. For the input, we recommend normalizing
the data with a mean of 0 and a standard deviation of 1.

Training Noise distribution. During training, noise values are sampled
from a predefined noise distribution P(o). While log-normal distribution is
the standard in score-based diffusion literature [83], it has additional hyperpa-
rameters (Ostd, Omay) that require environment specific tuning. Empirically we
found that recommended values from prior work [83], optimized for image
generation, are suboptimal for action diffusion. Thus, we use the truncated
LogLogistic(a = 0.5, f = exp(0.5)), which does not require additional param-
eters and works well in all settings. This distribution has a higher probability
density on larger noise values.

Optimization. We use Adam for state-based environments and AdamW
optimizer for image-based settings with a weight of 0.05 and § = [0.9,0.9].
In all experiments we use a learning rate of 0.0001. BESO trains stable at
standard learning rates. We also employ Exponential Moving Average (EMA)
to optimize model weights with a decay rate of 0.999.

A.2. BESO Baselines

The MLP-based models have 4 layers with 512 neurons and use the ReLU
activation function. All diffusion models have the same transformer backbone,
and C-BeT uses its recommended parameters. During training, the Adam
optimizer was used with a learning rate of 0.001 for MLP models and 1e — 4
for transformer models. The batch size for MLP models was 512, while it was
1024 for transformer models, except for BeT, which used a batch size of 64 as
recommended in [31].

GCBC For the GCBC model, the goal is concatenated with the state and
fed into the 4-layer MLP architecture with a dropout rate of 0.1. For the
real-world experiments, we use a 8 layer GPT Transformer model with a
1024 latent dimension and FiLM-conditioned ResNets and CLIP language
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embeddings. The real-world baseline also uses action chunking to predict 10
actions ahead for a fair comparison of the different action representations.

GC-IBC The GC-IBC model uses the same MLP architecture as GCBC and
is optimized using the InfoNCE loss with additional energy-regularization
and Wasserstein Gradient loss. During experiments, adding a penalty term
with 4 = 0.005 to restrict the average energy improved training stability
[47]. Given the large number of tunable hyperparameters for IBC, we ran
a hyperparameter search to determine the best ones. We want to note, that
the model results of EBM were sensitive to initial seeds and it is hard to
get consistent results. Similar observations of IBC performance have been
reported in related work [15, 27].

C-BeT For the performance of C-BeT, we use the recommended parameters
from Cui et al. [31] for all tested environments from their paper. Our reported
results are marginally worse than the ones reported in the original work since
they do not average it over 10 seeds. For the image-based experiments on
CALVIN, we use the same hyperparameters as noted for BESO to make a fair
comparison.

Latent Motor Plans and HULC The LMP model was evaluated on the
Kitchen and Block Push environments with extensive hyper-parameter
sweeps to find the best-performing configuration. We used the improved LMP
variant, HULC [129], which uses a different KL-divergence weighting term
and a transformer model the Seq2Seq CVAE. On the CALVIN environment,
the proposed parameters from prior work were used [167] and for the
language-conditioned variant we directly compare against HULC [129] and
report the values from their paper to guarantee a comparison against the
best performing model.

RIL For the low-level policy of kitchen and block push we use 4 layers with
512 neurons each. For the CALVIN task, we used the baseline version from
[167] and kept the hyperparameters the same for training.

Diffusion-X The baseline from [147] uses the same hyperparameters of
our transformer model reported in Table A.1 to guarantee a fair comparison.
Diffusion-X uses 50 inference steps on the kitchen task combined with an
additional 10 fine-tuning steps at the lowest noise level, while we use 20
inference steps for the block-push environment and additional 8 fine-tuning
steps. Further, it applies X-additional denoising steps at the lowest noise
level.
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A.3. Additional Experiments

A.3.1. BESO Rollout Examples and Failure Cases

Environment. Our robot setup features a toy kitchen with a microwave,
oven, cooler, and sink. Additional objects include a banana, pot, and toaster
with toast for the robot to interact with. BESO evaluates a 10-task subset
of the 20-task kitchen repertoire used for FLOWER, using the same play-
data collection. Example BESO rollouts are visualized in Figure A.1 and
Figure 3.6.

Failure Cases. Both policies successfully grounded all language instruc-
tions to the correct objects and consistently moved near relevant objects,
demonstrating good task comprehension. However, they exhibited different
types of failures in execution: BESO generally performed well across most
tasks, showing robust behavior. Its main challenge was with toaster-related
tasks. When BESO missed the toaster lever or failed to pick up the toast,
it would get stuck and not attempt to retry the action. This highlights a
potential area for improvement in BESO’s error recovery capabilities. GCBC,
while able to ground tasks well, struggled more with action execution. It
often displayed indecisiveness, such as hovering over the banana without
picking it up, or picking up the pot and holding it for extended periods (up
to 20 seconds) without completing the intended action. GCBC also showed
issues with precision, frequently missing oven and microwave handles and
the oven tray by small margins. It also had difficulty accurately locating and
interacting with objects like the banana, often attempting to pick it up from
incorrect positions.
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Pot from right stove to sink

Pot from sink to right stove

Figure A.1.: Visualization of BESO Rollouts in the Play Kitchen. The sequences
showcase successful policy rollouts from BESO for 7 tasks in a real-world play kitchen
environment, demonstrating the model’s effectiveness across diverse kitchen-related

activities.
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B.1. MDT Hyperparameters

We summarize all core hyperparameters for training MDT in Table B.1.

B.2. MDT Baselines

MT-ACT. An overview of the used hyperparameters of MT-ACT is given in
Table B.1. We tried to stay close to the recommended hyperparameters from
the original paper [9] but optimized the action prediction length and the KI-f
factor for CALVIN. Empirically, we found that FiLM-conditioned ResNets
do not perform well conditioned on image-goal or in combination with not
using any FiLM conditioning when having image goals. Thus, we adopted
default ResNets as the vision encoders for MT-ACT, as other experiments with
pre-trained Voltron-Encoders [82] did not show good results and reduced the
performance over 20% on the CALVIN benchmark ABCD—D.

Distill-D. We use the reported hyperparameters of Chi et al. [27] in combi-
nation with two ResNets18 and frozen CLIP encoders for visual and language
goals as described in Ha, Florence, and Song [58]. The resulting model con-
tains 296.6 million trainable parameters in the 1D-CNN and an additional
22.4 million parameters for two ResNets-18. We also experimented with
pretrained Voltron embeddings for Distill-D, however similar to MT-ACT
Voltron did not show any performance improvements.
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Hyperparameter MT-ACT MDT-V MDT
Number of Encoder Layers 4 4 4
Number of Decoder Layers 6 4 6
Attention Heads 8 8 8
Action Chunk Size 10 10 10

Goal Window Sampling Size 49 49 49
Hidden Dimension 512 384 512
Action Encoder Layers 2 - -
Action Encoder Hidden Dim 192 - -
Latent z dim 32 - -
Image Encoder ResNet18 Voltron V-Cond ResNet18
Attention Dropout 0.1 0.3 0.3
Residual Dropout 0.1 0.1 0.1

MLP Dropout 0.1 0.05 0.05
Input Dropout 0.0 0.0 0.0
Optimizer AdamW AdamW AdamW
Betas [0.9, 0.9] [0.9, 0.9] [0.9, 0.9]
Transformer Weight Decay 0.05 0.05 0.05
Other weight decay 0.05 0.05 0.05
Batch Size 512 512 512
Trainable Parameters 122 M 40.0 M 751 M
Omax - 80 80

Omin - 0.001 0.001

o - 0.5 0.5
Time steps - Exponential Exponential
Sampler - DDIM DDIM
KI-p 50 - -
Contrastive Projection - MAP Single Token 1
Goal Image Encoder CLIP ViT-B/16  CLIP ViT-B/16  CLIP ViT-B/16
Goal Lang Encoder CLIP ViT-B/32  CLIP ViT-B/32  CLIP ViT-B/32

Table B.1.: Summary of all the Hyperparameters for the MDT policy used in
the CALVIN experiments and the ones of MT-ACT.

B.3. MDT Additional Ablations

We experimented with different sampling strategies and ranges of future
windows. We found that geometric sampling with a distribution probability
of p = 0.1 works well in all tested settings on CALVIN. Other experiments
with random sampling showed small drops in performance, while trials with
key-state-based goal states similar to RLBench [75] did not work well in any
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Hyperparameter | CALVIN LIBERO Real World
Number of Layers 6 2 2
Hidden Dimension 192 192 192
Image resolution 112 112 112
Masking Ratio 0.75 0.75 0.75
MLP Ration 4 4 4
Patch size 16 16 16
Norm Pixel Loss True True True

Table B.2.: Overview of the chosen hyperparameters for our Image Demasking
Model used in the MGF loss, that uses a vision transformer architecture.

Hyperparameter Distill-D
Action Chunk Size 8
Timestep-embed Dimensions 256
Image Encoder ResNet18
Channel Dimensions [512, 1024, 2048]
Learning Rate le-4
Omax 30
Omin 0.001
oy 0.5
Time steps Exponential
Sampler DDIM
Sampling Steps 10
Trainable Parameters 318 M
Optimizer AdamW
Betas [0.9, 0.9]
Goal Image Encoder CLIP ViT-B/16
Goal Lang Encoder CLIP ViT-B/32

Table B.3.: Overview of the hyperparameters for Distill-D on the CALVIN and
LIBERO benchmark. Our code is based on the Diffusion-policy implementation
from Chi et al. [27] with our continuous-time diffusion variant. To guarantee a fair
comparison the hyperparameters for Distill-D and MDT regarding diffusion are the

same.
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CALVIN ABCD  LIBERO-Spatial

1 4.50 £ 0.02 64.4+04
3 4.52 + 0.02 67.5+ 0.2
9 4.44 + 0.03 65.6 £0.5

Table B.4.: Ablation on the best prediction horizon for Masked Generative
Foresight. Results are reported on CALVIN ABCD—D with MDT-V and LIBERO-
Spatial with MDT.

Policy | Avg. Len. CALVIN
MT-ACT 2.80 +0.03
MT-ACT + LMGF 4.03 + 0.08

Table B.5.: Evaluation of the Performance Increase of the MT-ACT policy with
the additional Masked Generative Foresight Loss on the CALVIN ABCD—D
challenge.

setting. Thus, we decided to use the same strategy for CALVIN and real robot
experiments.

Noise Encoding Ablation: Diffusion Policy Transformer Ablation:

777777777777777777 N Denolsed Actlon Sequence Denoised Action Sequence

gooEEs

TSN e e ) GPT-Diffusion ™%
‘\,Dr,, ,,D,,D,,,,D,/ Policy U
aseses
Noisy Actions Tokens
si:’:‘l; cé_ll.lli::y:nl Voltron &r:er:rewer

Multi-
Static Wrist
Nolse modal Cam Cam

Multimodal Transformer- GPT-Diffusion p
Encoder Policy

wD D ol llllll

7777777777 Noisy Actions Tokens

CLIP -Img & Volrmn & Perceiver
Sl CLIP-Text Resampler

Multi-
Static Wrist
Noise modal Cam e

Figure B.1.: Overview of two Diffusion Transformer Baseline Architectures
for MDT. The first variant uses a transformer encoder but also processes the noise
as a token. The second one is the Transformer Diffusion policy presented in Chi et al.
[27] without any encoder.
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Method ‘ Lea Lyvcr

No. Instructions in a Row (1000 chains)

\ | 1 2 3 4 5  Avg. Len.
MDT-V Abl. 1 X X | 0914 0782 0675 0588 0487 3.58+0.18
MDT-V Abl. 2 X X | 0.693 0405 0190 0092 0.031 1.41+0.04
MDT-V X X | 0971 0907 0840 0766 0.698 4.18+0.10
MDT-V v X | 0977 0927 0868 0.808 0786 4.32+0.06
MDT-V X v 1098 0946 0903 0.851 0794 4.48 +0.03
MDT-V v v 10989 0958 0916 0862 0.801 4.52+0.02
MDT X X | 0.882 0753 0.653 0557 0481 3.34+0.06
MDT+Goal ResNets | X X | 0.88 0764 0.651 0565 048 3.34+0.05
MDT v v 10978 0938 0888 0831 077 4.41+0.03
MDT+Goal ResNets | v/ v 10978 0923 0862 0807 0735 4.31+0.08

Table B.6.: Overview of the performance influence of MGF and Contrastive
Alignment on MDT-V on the CALVIN ABCD—D challenge. In addition, the
performance of both transformer ablations are also shown. Moreover, results for MDT
with ResNets as image goal encoders are reported with and without auxiliary objec-
tives. The results are reported over 1000 rollouts averaged over 3 seeds. Numerical
entries, including reported averages and uncertainties, are reproduced from Table IX
of the final RSS publication [163]; they have not been recomputed from the displayed

chain probabilities.

Masking Rate ‘ CALVIND LIBERO-Spatial

0.5
0.75
1

3.7 £0.04
3.72 £ 0.05
3.68 + 0.03

67.8+0.3
67.5+0.2
63.7+ 0.3

Table B.7.: Ablation on different Masking Rates for Masked Generative Fore-
sight. Results are reported on CALVIN D—D with MDT-V and on LIBERO-Spatial

with MDT.

B.3.1. MDT Example Rollouts

B.3.2. MDT Real Robot Results
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Goal image

Figure B.2.: Real Robot rollouts with goal image conditioning using MDT. The
first column shows the goal image used for the rollout. 4 out of 6 tasks are successful.
The robot fails to open the oven door and opens the ice box instead.

Microwave

Figure B.3.: Overview of the real robot kitchens setup. The left image shows the
play kitchen with all its objects, while the right image shows the cameras and second
robot used for data collection with our robot used for teleoperation.
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Task No. | MT-ACT MDT MDT MGF
Banana from rt stove to sink 1 0 0.8 1.0
Banana from sink to rt stove 2 0 0.8 1.0
Pot from rt stove to sink 3 0 0 0
Pot from sink to rt stove 4 0.4 0.8 0
Pot from It stove to sink 5 0 0.8 0.6
Pot from sink to It stove 6 0 0 1.0
Pot from It to rt stove 7 0.2 0.2 0
Pot from rt to It stove 8 0 0.6 1.0
Open microwave 9 1.0 1.0 1.0
Close microwave 10 0 1.0 0
Open oven 11 1.0 1.0 1.0
Close oven 12 0 0 0
Open ice box 13 1.0 1.0 1.0
Close ice box 14 0 1.0 0
Pull oven tray 15 0.6 0 0.2
Push oven tray 16 0.4 0 0.2
Banana from rt stove to tray | 17 0 0 0.4
Banana from tray to rt stove 18 0 0 1.0
Push toaster 19 0 0.2 1.0
Toast to sink 20 0.4 1.0 1.0

Table B.8.: Detailed results of our real robot kitchen experiments for single-
task setting with language goals of MDT. All results are averaged over 5 rollouts.
"right" and "left" are abbreviated with "rt" and "It".
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MT-ACT (Language Goals) T1 T2 T3 T4 T5 Té
1: Random 0.0 0.0 0.0 00 0.0 0.0
2: Open Close All 1.0 075 05 0.0 0.0 0.0
3: Stovetop Sink 0.5 0.0 0.0 00 0.0 0.0
4: Oven 0.5 0.0 0.0 0.0 0.0 -

MT-ACT (Image Goals) T1 T2 T3 T4 T5 Te
1: Random 0.0 0.0 0.0 00 0.0 0.0
2: Open Close All 00 00 00 00 00 00
3: Stovetop Sink 0.5 0.0 0.0 00 0.0 0.0
4: Oven 0.0 0.0 0.0 0.0 0.0 -

MDT (Language Goals) T1 T2 T3 T4 T5 T6
1: Random 0.75 0.75 0.0 0.0 0.0 0.0
2: Open Close All 1.0 1.0 075 00 0.0 00
3: Stovetop Sink 075 00 00 00 00 00
4: Oven 0.5 0.0 0.0 0.0 0.0 -

MDT (Image Goals) T1 T2 T3 T4 T5 Te
1: Random 0.5 0.5 025 025 0.0 0.0
2: Open Close All 00 00 00 00 00 00
3: Stovetop Sink 0.0 0.0 0.0 00 0.0 0.0
4: Oven 0.0 0.0 0.0 0.0 0.0 -

MDT + Lmcr + Lcra (Language Goals) | T1 T2 T3 T4 T5 Té6
1. Random 1.0 075 025 025 0.0 0.0
2. Open Close All 1.0 1.0 025 00 0.0 0.0
3. Stovetop Sink 05 025 0.0 0.0 0.0 0.0
4. Oven 075 025 0.0 0.0 0.0 -

MDT + Lycr + LcLa (Image Goals) T1 T2 T3 T4 T5 T6
1: Random 025 025 025 025 00 00
2: Open Close All 0.5 0.0 0.0 00 0.0 0.0
3: Stovetop Sink 0.25 0.0 0.0 00 0.0 0.0
4: Oven 0.5 0.0 0.0 0.0 0.0 -

Table B.9.: Detailed results of our long-horizon, real robot multi-task experi-
ments for MDT and baselines.
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C.1. MoDE Hyperparameters

Hyperparameter CALVIN ABCD CALVIN ABC LIBERO-10 LIBERO-90 Pret-MoDE
Number of Transformer Layers 8 8 8 8 12
Number Experts 4 4 4 4 4
Attention Heads 8 8 8 8 8
Action Chunk Size 10 10 10 10 10
History Length 1 1 1 1 1
Embedding Dimension 1024 1024 1024 1024 1024
Image Encoder FiLM-ResNet18 FiLM-ResNet50 FiLM-ResNet18 FiLM-ResNet18 FiLM-ResNet50
Goal Lang Encoder CLIP ViT-B/32 CLIP ViT-B/32 CLIP ViT-B/32 CLIP ViT-B/32 CLIP ViT-B/32
Attention Dropout 0.3 0.3 0.3 0.3 0.3
Residual Dropout 0.1 0.1 0.1 0.1 0.1
MLP Dropout 0.1 0.1 0.1 0.1 0.1
Optimizer AdamW AdamW AdamW AdamW AdamW
Betas [0.9,0.95] [0.9,0.95] [0.9,0.95] [0.9, 0.95] [0.9, 0.95]
Learning Rate le-4 le-4 le-4 le-4 le-4
Transformer Weight Decay 0.05 0.05 0.05 0.05 0.1
Other weight decay 0.05 0.05 0.05 0.05 0.1
Batch Size 512 512 512 512 512
Train Steps in Thousands 30 25 15 30 300
Omax 80 80 80 30 80
Omin 0.001 0.001 0.001 0.001 0.001

ot 0.5 0.5 0.5 0.5 0.5
EMA True True True True True
Time steps Exponential Exponential Exponential Exponential Exponential
Sampler DDIM DDIM DDIM DDIM DDIM
Parameter Count (Millions) 460 460 460 460 685

Table C.1.: Summary of all the Hyperparameters for the MoDE policy used in
our experiments.

C.2. MoDE Baselines

Below we explain several baselines used in the experiments in detail:

Diffusion Policy-CNN/T Inspired by [27], we evaluate extension of the
DDPM based Diffusion Policy framework for goal-conditioned Multi-task
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learning. We evaluate two versions: the CNN-based variant and the Diffusion-
Transformer variant, that is conditioned on context and noise using cross-
attention. For our experiments we also use EDM-based Diffusion framework
for fair comparison against MoDE. We optimized the ideal number of layers
and latent dimension for the Transformer baseline and our final version uses
8 layers with a latent dimension of 1024. Larger or smaller variants resulted
in lower average performance.

RoboFlamingo. RoboFlamingo [105] is a VLM finetuned for behavior gener-
ation. The authors use a 3 billion parameter Flamingo model [2] and fine-tune
it on CALVIN by freezing the forward blocks and only fine-tuning a new Per-
ceiver Resampler module to extract features from a frozen vision-transformer
image encoder and the cross-attention layers to process the image features. Fi-
nally, a new action head is learned to generate actions. Overall, the finetuning
requires training approx. 1 billion of the parameters. We report the reported
results from the paper since they use the standard CALVIN evaluation suite.

SuSIE. This model first finetunes InstructPix2Pix, an image-generation dif-
fusion model, that generates images conditioned on another image and a
text description [19] on the local CALVIN robotics domain and uses it as a
high-level goal generator. The low-level policy is a CNN-based Diffusion
Policy, that predicts the next 4 actions given the current state embedding and
desired sub-goal from the high-level policy [12].

GR-1 A causal GPT-Transformer model [208], that has been pretrained on
large-scale generative video prediction of human videos. Later, the model
is finetuned using co-training of action prediction and video prediction on
CALVIN. We report the results directly from their paper for the CALVIN
benchmark.

C.3. MoDE Mixture-of-Experts Ablations

Only the CALVIN ABC ablation runs use a separate, weaker training run
than the main ABC benchmark in Chapter 5. Their relative performance is
compared within the corresponding ablation setting.

Q: How does the Load Balancing Loss influence the Expert Distribu-
tion?
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CALVIN ABC CALVIN ABCD
3 I T 45 T T

3 R e ———
.é 25 4 /
= | ’
A,  kememmermemmeera----
| | | |
2 2 4 6 8 35 2 4 6 8
N-Experts N-Experts
—— MoDE  —— Dense-large - - - Dense-small

Figure C.1.: Scaling performance of MoDE and Dense-MoDE on CALVIN ABC
and ABCD environments. The plots show average performance for 2 to 8 experts
using best-performing variants for each environment.

We analyze how the load balancing loss affects expert distribution across
noise levels by training MoDE on LIBERO-10 with varying load balancing
weights yrg € [0.1,0.01,0.001,0.0001] Figure C.2 visualizes the resulting
expert distributions.

With a high load balancing loss of 0.1, experts are used almost uniformly
across all layers with minor variations in two out of eight layers (Figure C.2a).
However, this enforced uniformity comes at a cost - the average performance
drops to 0.9. This result suggests that enforcing equal expert usage across
noise levels may constrain the model’s learning capacity.

At 0.01, we observe a more flexible distribution while maintaining good
overall expert utilization (Figure C.2b). Within individual layers, expert usage
varies from 10% to 40% in various layers. This enables for specialization
while preventing any expert from becoming dominant. This configuration
achieves the best average performance and provides evidence that moderate
specialization benefits the policy most.

As we reduce yrp further to a range of [0.001, 0.0001], the expert distribution
gets worse and the model there is an expert collapse is happening for 1b of
0.0001 in several layers (Figure C.2c and Figure C.2d). These values show, that
a the load balancing weight is crucial to guarantee a good usage of all experts
for the model. The lower performance of these models (0.86 for y g = 0.001
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Figure C.2.: Average Expert Utilization for different Load Balancing Weights
across all denoising levels for MoDE.

and 0.83 for y; g = 0.0001) suggests that balanced expert participation is
important for optimal Diffusion Policy performance.

Q: What happens with increased number of Experts? Next, we study
the load balancing distribution for models that use more experts. Our ex-
periments with 6 and 8 expert variants on LIBERO-10 reveal challenges in
scaling beyond 4 experts. As shown in Figure C.3, configurations with more
experts consistently underutilize their capacity, with most layers actively us-
ing only 4 experts even with increased load balancing regularization (y = 0.1).
These larger configurations also show decreased performance, indicating
that 4 experts provides an optimal balance between representation capacity
and learning efficiency. We hypothesize that additional experts impair the
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Figure C.3.: Average Expert Utilization for different number of used experts
across all denoising levels.

model’s ability to learn effective representations from image and language in-
puts while maintaining noise-level specialization. This phenomenon persists
even when increasing the load balancing loss factor, further supporting our
finding that 4 experts offers the best trade-off between model capacity and
performance.

Q: How is the expert distribution with topk=1? We further study the
impact of using topy = 1 for MoDE. We analyze MoDE'’s behavior with topk=1
routing, both with and without a shared expert, using 4 experts total. As
visualized in Figure C.4, topk=1 configurations struggle to maintain balanced
expert utilization, typically collapsing to using only two of the four available
experts. While this configuration shows only modest performance degrada-
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(a) topk=1 (b) topk=1 with shared Expert

Figure C.4.: Average Expert Utilization for two variants that use topk=1. The
left plot shows MoDE with 4 experts, the right shows MoDE with 4 experts, where 1
is used in all settings as a shared one. Overall, MoDE struggles to equally distribute
tokens across experts in this setting.

tion on LIBERO-10, its impact is more visible on the challenging CALVIN
ABC benchmark, where the average rollout length drops from 3.34 (topk=2)
to 2.72 (topk=1). These CALVIN ABC scores come from a separate, weaker
training run used for the top-k ablation. The relative change quantifies the
routing choice in that ABC setting; the main non-pretrained ABC benchmark
reports 3.39 (Chapter 5). These results highlight the importance of expert in-
terpolation across noise levels, with topk=2 providing the necessary flexibility
to blend expert specializations for optimal performance.

Q: How do experts specialize across noise levels?

Finally, we analyze the different experts loads for various noise levels of our
biggest model after pretraining on diverse robotics data. Detailed results are
shown in Figure C.5.

Our analysis of the expert distribution reveals several key insights about how
the model learns to organize its mixture-of-experts architecture:

+ Noise-Level Specialization

— Experts specialize between high-noise (o;-07) and low-noise (os-
010) regimes, particularly visible in L4 where E3 and E0 show
distinct high activation patterns in different noise regimes
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Clear transition point around o3 where expert utilization patterns
shift, most evident in L4 and L5 with stark changes in expert
activation

Smooth handoff between denoising phases, exemplified in L7
where expert activations gradually transition across noise levels

» Layer-wise Organization

Early layers (L0-L4) show distinct expert specialization, particu-
larly visible in L4’s strong alternating expert patterns

Middle layers (L5-L7) demonstrate more distributed expert uti-
lization, shown by more balanced activation patterns

Later layers (L8-L11) return to clearer specialization, evident in
L17’s distinct expert preferences

First layer (L0) shows particularly strong specialization for low-
noise scenarios, with clear expert preferences in the final denois-
ing steps

« Expert Role Distribution

Different experts develop specialized roles, most clearly visible
in L4 where experts show strong preferences for specific noise
ranges

Some experts consistently handle high-noise denoising (evident
in L3 and L4) while others focus on low-noise refinement (for
example in L7-L8)

"Transitional experts" emerge in middle noise ranges, particu-
larly visible in L5’s balanced activation patterns

Model employs different expert combinations across layers, well
demonstrated in the contrasting patterns between L4 and L8

« Load Balancing Properties

Effective load balancing achieved across experts, particularly
visible in the distributed patterns of L5-L7

No single expert dominates across all noise levels, as shown by
the varied activation patterns in each layer
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— Smooth transitions between noise regimes, most evident in the
gradual activation changes in L4 and L5

These findings provide strong evidence that MoDE effectively partitions the
denoising process across its experts, with each expert naturally specializing
in different phases. The emergence of this organization without explicit
supervision supports the effectiveness of our architectural choices and routing
strategy.

N
iy

Figure C.5.: Visualization of used experts in pretrained MoDE. This image
shows the expert usage distribution across 12 layers in a Mixture of Experts (MoE)
model. Each subplot represents a different layer (from layer 0 to layer 11), with experts
labeled EO0, E1, E2, and E3 on the x-axis. The y-axis indicates the log-scaled token
count, displaying the frequency of tokens routed to each expert within that layer.
The color gradient indicates the proportion of tokens assigned to each expert, where
darker colors represent higher usage.
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D. Supplementary Material for
FLOWER

D.1. FLOWER Hyperparameters

D.2. FLOWER Model and Pretraining Details

We pretrain FLOWER on different datasets mixes that are described in Ta-
ble D.4 using one cluster node with 4 H100 GPUs for 48 hours. We pretrain
all variants using a single static image and only use proprioception signal
for the bimanual settings. We set the action chunk length to 20 across all
settings and condition the model on single image from the current state only
for maximum efficiency. Training is conducted using HuggingFace Accelerate
for optimized Multi-GPU Training. We created custom PyTorch wrapper for
the OXE Torch Dataloaders [30] inspired by efforts from OpenVLA [89]. We

‘ SIMPLER CALVIN LIBERO Aloha Real World Kitchen

Action Space Encoders
Action Space Decoders
Number of Flow-T Layers
Latent Dimension
Number of Heads
Position Embedding
Sampling Distribution
Attention Dropout
MLP Dropout
Residual Dropout

2-layered MLP
Linear Attention
18
1024
16
1D Rope
Uniform
0.1
0.1
0.1

Act Seq Length
Denoising Steps
Multistep
Camera Views
Use Proprio
Action Space
Frequency

10 10 10 100 20
4 4 4 8 5
5 10 10 2: Insert 100:Transfer 15
[Primary]  [Primary, Wrist]  [Primary, Wrist] [Primary] [Primary, Secondary]
False False False True False
Delta EEF Delta EEF Delta EEF Bi-Joint Joint
3/5 10 10 50 6

Table D.1.: Overview of Hyperparameters used for FLOWER across different

Benchmarks
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Name Number of Parameters
ViT 360M
VLM 205M
Action Encoders 3.2M
Action Heads 31.8K
Global-AdaLN 28.3M
Cond Linear Proj. 1.0M
Timestep Embedder 1.3M
Cond Norm 1.0K
FreqEmbedder 1.3M
Flow Transformer 339M
Total Parameters FLOWER 947M

Table D.2.: Overview of Parameter Distribution across all Model Components
of FLOWER.

train FLOWER using BF16 precision for optimized memory performance. For
the Cross-Action-and Delta-EEF Mix we set the batch size to 256 and use 4
gradient accumulate steps to achieve an effective batch size of 1024. In total
we trained for 300k-400k training steps depending on the dataset composition.
We did not notice major training instabilities.

D.2.1. Pretraining Ablation Experiments

We tested several ideas, that did not work well in our maximum efficiency
pretraining settings:

« Using variable Length Action Chunks: We experimented with
flexible action chunks during training as done in CrossFormer [36].
However, we noticed slow convergence and lower performance for
our SIMPLER experiments. Thus, we decided to use a constant chunk
length for all datasets of 20. While many delta EEF datasets like Fractal
operate on lower frequency and Aloha Setups like Biplay [32] require
50 Hz, we find 20 to be a good trade-off that enables easy finetuning
to different lengths, thanks to our 1D Rope Position Embeddings.

« Using Multiple Images with Custom Masking: We also tested
variations in pretraining that involve flexible image padding up to 3
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Hyperparameter Value
GPU Type H100
N GPUS 4
Batch Size 256
Grad accumulate Steps 4
Optimizer FlowT AdamW
LR Max FlowT le-4
LR Scheduler warm-up with constant + cosine decay
Min LR FlowT le-5
Final LR FlowT le-5
FlowT LR scheduler phases [0.01,0.39, 0.6]
Max Desired Train Steps 600,000
Optimizer VLM AdamW
Lr Max VLM le-5
Lr Scheduler warm-up with constant + cosine decay
Min LR VLM le-7
Final LR VLM le-6
VLM LR scheduler phases [0,1, 0.3, 0.6]
EMA False
Weight Decay FlowT 0.1
Weight Decay VLM 0.001
Total Training Time 48 hours
Training Steps reached 350,000

Table D.3.: Hyperparameters for Pretraining FLOWER on all Pretraining Data
Mixtures

Table D.4.: Dataset Distribution for Pretraining of FLOWER. Results are reported
by percentage

Dataset Percentage (%)

bridge_dataset 28.62
fractal_data 24.68
DROID 23.50
cmu_play_fusion 6.15
dobbe 5.94
libero_10_no_noops 4.41
libero_goal_no_noops 4.07
real_kitchen_lang 2.64
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different views depending on the dataset. However, this reduces the
overall training speed given the higher number of image tokens and
required GPU memory. Also given the more complex setting, we found
that the training time of 2 days not enough to achieve convergence.
Thus, we limited pretraining to single image. However, our finetuning
experiments show the flexibility of FLOWER to adapt to more image
views without issues.

« Mixture-of-Experts Approaches for the Flow Transformer:
We conducted architecture ablation experiments with more action-
specialist components. FLOWER ablations used action-type specific
MLPs with action-type specific LayerNorms. We also experimented
with a shared additional MLP, that all action types use while com-
bining the output with action-specific specialist MLP. However, the
training was more memory intensive and had issues with NaN losses.
It also showed slower convergence. We found the action-specific
Global-AdaLN with all other parameters shared inside the Flow
Transformer to work best. However, we believe that future research
can address this issue to develop even more efficient architectures for
cross-embodiment learning.

D.2.2. Language Prompt for the VLA

We encode the meta-information as part of our prompt for the VLM: “Agent
Type: [robot_type], Action Space: [action_space], Task: [task_description]”.

D.2.3. Custom Learning Rate Scheduler

In early experiments with an older version of our model, we observed
a substantial drop in performance when training without our custom
dual-optimizer learning rate scheduler (4.44 vs 0.8). Upon further inves-
tigation after finalizing the model, we found that this was largely due
to instabilities in an earlier model variant rather than the absence of the
scheduler itself. With our final architecture, replacing the custom scheduler
with a standard constant learning rate of 2 X 107> leads to only a slight
reduction in performance, confirming that the scheduler provides only minor
benefits rather than being a critical requirement for the performance.
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D.2.4. Details for Cross-Action Space Flow Transformer

Large transformer models often face stability challenges when simultaneously
dealing with different data frequencies and distributions. We address this
by allocating individual dual-RMSNorm parameters for each action type,
capturing action-specific activation statistics more effectively than a single
normalization.

Additionally, we replace standard feed-forward layers with SwiGLU
blocks [176], a sandwich-style MLP that we express as follows. For an input
vector h,

y = (Norm(Wyh)) © SiLU(Norm(V; ) (D.1)

where SiLU(x) = x 0(x), Vand W are two linear matrices and Norm(-) indi-
cates RMSNorm in our implementation. Unlike LayerNorm, which subtracts
the mean, RMSNorm normalizes each sample by its root-mean-square:
X
RMSNorm(x) = —— (D.2)
134 x? + e

yielding smoother gradients and reduced training instability [219]. Further-
more, we apply query-key normalization [64] in both self- and cross-attention
modules to mitigate large softmax outputs. This additional normalization has
been used in many large-scale diffusion and flow transformer architectures
in image generation [42] or Diffusion Policies [113].

Together, (i) extended RoPE embeddings, (ii) action-specific encoders and de-
coders, (iii) a shared AdaLN controller yielding action-specific normalization
signals, and (iv) RMSNorm with SwiGLU MLPs enable our Flow Transformer
to train stably across heterogeneous data and multiple action spaces. Its
modular architecture requires minimal changes when adding new action
types, retaining efficient scalability for a wide range of robotic tasks.

D.3. FLOWER Detailed Experiments

In this section we provide detailed results and additional comparisons for all
simulation environments and real robot experiments.
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Train—Test Method PiT | Action Type | VLM | No. Instructions in a Row (1000 chains) | Avg. Len.
| | | 1 2 3 4 5
Diff-P-CNN [27] X Diffusion X 63.5% 353% 19.4% 10.7% 6.4% 1.35+0.05
Seq-BESO [162] X Diffusion X 76.9% 53.3% 35.8% 24.2% 16.1%  2.06£0.13
MDT [163] X Diffusion X 63.1% 429% 24.7% 15.1% 9.1% 1.55
RoboFlamingo [105]  x Cont. v 82.4% 61.9% 46.6% 33.1% 23.5% 2.47
SuSIE [12] v Diffusion X 87.0% 69.0% 49.0% 38.0% 26.0% 2.69
DeeR-VLA [216] X Cont. v 84.8% 72.3% 54.9% 44.6% 33.5% 2.90
GR-1 [208] v Cont. X 85.4% 71.2% 59.6% 49.7% 40.1% 3.06
ABC—D OpenVLA [89] v Discrete v 91.3% 77.8% 62.0% 52.1% 43.5% 3.27
3DDA [84] X Diffusion X 93.8% 80.3% 66.2% 533% 41.2% 3.35
MoDE [160] v Diffusion X 96.2% 88.9% 81.1% 71.8% 63.5%  4.01+£0.04
RoboDual [20] v Diffusion v 94.4% 82.7% 721% 624% 54.4% 3.66
VPP [69] v Diffusion X 95.7% 91.2% 86.3% 81.0% 75.0% 4.29
Seer [193] v Cont. X 96.3% 91.6% 86.1% 80.3% 74.0% 4.28
FLOWER (ours) X Flow v - - - - - 4.44+0.04
FLOWER (ours) v Flow v - - - - - 4.53+0.04
Diff-P-CNN [27] X Diffusion X 86.3% 72.7% 60.1% 51.2% 41.7%  3.16+0.06
Seq-BESO [162] X Diffusion X 93.6% 87.3% 81.0% 749% 67.7%  4.05+0.04
RoboFlamingo [105] % Cont. v 96.4% 89.6% 82.4% 74.0% 66.0% 4.09
DeeR-VLA [216] X Cont. v 99.1% 93.3% 82.1% 74.6% 63.8% 4.13
ABCD—D GR-1 [208] v Cont. X 94.9% 89.6% 84.4% 789% 73.1% 4.21
MDT [163] X Diffusion X 98.6% 95.8% 91.6% 86.2% 80.1%  4.52+0.02
MoDE [160] v Diffusion X 97.1% 92.5% 87.9% 83.5% 77.9%  4.39+0.04
FLOWER (ours) X Flow v - - - - - 4.62+0.03
FLOWER (ours) v Flow v - - - - - 4.67+0.04
Seq-BESO [162] X Diffusion X 89.4% 74.0% 61.1% 51.7% 42.6%  3.19+0.06
D—D MDT [163] X Diffusion X 93.7% 84.5% 74.1% 64.4% 55.6% 3.72+(0.05)
RoboUniView [111] Vv Cont v 96.2% 88.8% 77.6% 66.6% 56.3% 3.85
FLOWER (ours) v Flow v - - - - - 4.35+0.02

Table D.5.: CALVIN Benchmark results for D, ABC and ABCD. Columns 1-5 re-
port the percentage of 1000 evaluation chains completing at least the first one through
five instructions consecutively. Avg. Len. is the mean number of consecutively
completed instructions (maximum 5). Results are reproduced from the published com-
parison [161]. FLOWER entries retain the published three-seed means and standard
deviations; per-instruction rates are not reported here. Standard deviations are shown
where reported.

D.3.1. CALVIN Benchmark

For all experiments settings, we train FLOWER for up to 40k steps across 4
GPUS with a batch size of 8 each. The standardized evaluation protocol enable
us to directly compare the results of FLOWER against other baselines, which
enables a fair comparison to prove the SoTA performance of FLOWER.

Baselines We compare FLOWER against a diverse set of available baselines
on all CALVIN variants. Relevant VLAs include RoboDual [20], OpenVLA
[89], RoboFlamingo [105] and depth-reconstruction pretrained RoboUniView
[111]. In addition we consider video-based policies pretrained on diverse
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video data Seer [193], Video-Prediction-Policy [69] and GR-1 [208]. Moreover,
we consider relevant diffusion-based policies like MoDE [160], MDT [163]
and depth-based 3D Diffuser Actor [84] and SuSIE [12]. FLOWER surpasses
all of these baselines across all CALVIN variants with remarkable efficiency
in just 6 hours of finetuning.

D.3.2. SIMPLER Benchmark

Method ‘ Put Carrot on Plate  Spoon on Towel Stack the Blocks ~Eggplant in Yellow Basket ‘ Average
RT-1-X 4 0 0 0 1.1
Octo 8 12 0 43 16
CrossFormer 15 15 0 92 30
OpenVLA 0 0 0 4 1.0
FLOWER 13 71 8 88 45

Table D.6.: Experimental Results for the SIMPLER Bridge Benchmark. Average
Performance comparison across all Tasks in the Bridge Setting.

Method ‘ Open/Close Drawer Move Near  Open Top Drawer and Place Apple ~ Pick Coke Can | Average
RT-1-X 59.7 31.7 213 56.7 42.4
Octo 22.7 4.2 0.0 17.0 11.0
CrossFormer 0.5 4.6 0.0 0.0 13
OpenVLA 35.6 46.2 0.0 16.3 245
FLOWER 27.8 433 0.0 56.3 31.9

Table D.7.: Experimental Results for the SIMPLER Google Robot Benchmark.
Reported full-task success for the four-category FLOWER comparison. The shared
baseline entries coincide with the Visual Matching values in Chapter 5; they are
not equal-weight averages of Visual Matching and Variant Aggregation. Average
summarizes the four displayed categories, including apple placement.

We evaluate FLOWER on the SIMPLER benchmark [106] after pretraining on
our cross-embodiment mix. SIMPLER is a real2sim benchmark that imple-
ments several scenes from the diverse BridgeV2 [200] and Google Robot setup
[18] to test foundation policies after pretraining. The benchmark requires
policies to run approximately 3000 rollouts in different settings across two
benchmarks with 8 different tasks in various conditions.

Baselines. On this setup, we compare FLOWER against RT-1X [30], Octo
[140], OpenVLA [89], and CrossFormer [36]. For each model, we test on the
full benchmark and report the average results for a fair comparison.
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Results. The results for the Google Robot tasks are summarized in Table D.7
and the results for the Bridge challenge are shown in Table D.6. Overall,
FLOWER outperforms both Octo and OpenVLA on both benchmarks, despite
having only 200 GPU hours of pre-training on heterogeneous robot datasets.
Notably, the FLOWER variant achieves stronger overall performance, with
gains on the Bridge Benchmark. In contrast, on the Google Robot benchmark,
RT-1X attains the highest performance across several tasks, suggesting that
further improvements in action space modeling or pretraining diversity might
be beneficial. However, FLOWER achieves the second best performance and
surpasses all other generalist policies in this setting.

These findings show that FLOWER delivers strong performance with low
computational demands (RQ II) as well as robustly handles diverse robot
embodiments and action spaces (RQ III). The robust performance on the
Bridge Benchmark highlights its capability to manage diverse action spaces
after heterogeneous pretraining, whereas the areas of lower performance on
the Google Robot benchmark point to opportunities for further refinement.

D.3.3. LIBERO Benchmark

The LIBERO benchmark [110] comprises multiple task suites testing different
aspects of robotic manipulation. LIBERO-10 provides 50 demonstrations for
10 tasks, while LIBERO-90 extends to 90 different tasks. Both versions use a
Franka Emika Panda robot with end-effector control and dual camera inputs
(static and wrist). The benchmark includes five distinct suites: Spatial (testing
spatial relationships), Goal (varying objectives), Object (object manipulation),
Long (extended task duration), and Suite-90 (diverse short-horizon tasks).
Each task is evaluated over 50 trials for each with different starting positions.
We finetune FLOWER with 30k training steps on each setting and 50k steps
for LIBERO 90 given its increased size.

We compare FLOWER against both generalist policies such as 7y [11] and
1m-FAST [151], the improved 7 5-ki (knowledge insulation) [38] OpenVLA
[89], OpenVLA-OFT [88] Chain-of-Affordance-VLA (CoA-VLA) [102], Octo
[140], MiniVLA as well as against the current state-of-the-art specialist policy
Baku [59], which uses a small transformer-based model with action chunking.
As shown in Table D.8, FLOWER achieves a competitive four-suite average
of 96.9%, compared with OpenVLA-OFT's 97.1%, and leads the Object and
Long suites. Its success rates are above 93% across all five suites. It also
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remains competitive with 75 a closed source VLA pretrained on a much
larger dataset with 3b+ parameters.

Spatial Object Goal Long 90 Average (without 90)

SR () SR () SR (1) SR (1) SR () SR (1)
Diff-P-CNN [27] 783+ 1.1% | 925£0.7% | 683 £1.2% | 50.5+ 1.3% - 72.4 £0.7%
Octo [140] 78.9£1.0% | 85.7+09% | 84.6+0.9% | 51.1+1.3% - 75.1 £0.6%
OpenVLA [89] 84.7+09% | 88.4+0.8% | 79.2+1.0% | 53.7 +1.3% - 76.5 £ 0.6%
OpenVLA-OFT [88] 97.6% 98.4% 97.9% 94.5% - 97.1%
CoA-VLA [102] 853+£09% | 93.1+1.0% | 85.8+0.9% | 55.0 +1.2% - 79.8 £0.5%
Baku [59] - - - 86.0% 90.0% -
MiniVLA - 86.0%
MoDE [160] - - - 94.0% 95.0% -
m [11] 96.8% 98.8% 95.8% 85.2% - 94.2%
7o-FAST [151] 96.4% 96.8% 88.6% 60.2% - 85.5%
7o.5-ki (from scratch) [38] 96.6% 97.2% 94.6% 84.8% 92.7% 93.3%
7o.5-ki (from generalist model) [38] 98.0% 97.8% 95.6% 85.8% 96.0% 94.3%
FLOWER 97.5+0.8% | 99.1+0.4% | 96.1 +£0.6% | 94.9 + 1.2% | 94.7 + 1.0% 96.9 £ 0.7%

Table D.8.: Experimental Results for the LIBERO Benchmarks. SR: Success Rate.
Best results in each column are shown in bold. FLOWER leads the Object and Long
suites and remains competitive across the other settings.

D.3.4. ALOHA Benchmark

The Aloha benchmark [222] provides 50 human-collected demonstrations
for two tasks: Cube Transfer and Insertion. In both tasks, a bi-manual Aloha
robot operating in joint space is equipped with a single top-view camera and
proprioceptive state input. We evaluate each task over 500 episodes, with
each episode consisting of 500 steps. For the baselines we adopt ACT[222]
and Diffusion Policy[27] implemented by lerobot [21].

Next, we evaluate FLOWER’s ability to learn challenging high frequency
control on the Aloha simulation setup [222]. We test several versions of
FLOWER that have been finetuned on different pretraining mixes: Cross-X
and joint state DROID only. In addition, we compare FLOWER against two
common specialist policies: Diffusion Policies and the state-of-the-art policy
for bi-manual setups Action Chunking Transformer (ACT) [222]. We use
the two simulation tasks, "Insert the peg into the socket." and "Pick up the
cube with the right arm and transfer it to the left arm., that are visualized in
Figure 6.4. The dataset contains 50 human-collected demonstrations for each
tasks.

Results. As shown in Figure D.1, FLOWER achieves a strong performance
on both tasks with eight denoising steps and outperforms the specialist ACT
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Figure D.1.: Aloha Simulation Tasks. Our average success rates over 500 evalu-
ations on the Cube Transfer and Bimanual Insertion simulation tasks introduced by
Zhao et al. [222]. S denotes FLOWER trained from scratch, X applies cross-action
space pretraining, and J represents DROID-only joint state pretraining.

policy on the challenging Insertion task by a considerable margin. FLOWER
achieves comparable performance on the Transfer task compared to ACT
except for the variant pretrained on cross action space data. The standard
Diffusion Policy is not able to solve any of the tasks. Comparing the differ-
ent pretraining versions of FLOWER, we find that the joint only mix using
DROID achieves the best results by a considerable margin. Surprisingly, the
cross-embodied pretraining is not able to achieve strong results and its final
performance is even lower than the version trained from scratch.

D.3.5. Real Kitchen Play Dataset

We conducted data collection through teleoperation, utilizing a leader-
follower robot configuration to ensure precision and intuitive control [80].
The dataset includes proprioceptive sensor readings and images captured
by two static cameras at a frequency of 6 Hz. Actions were represented as
normalized desired joint positions. The shared BESO/FLOWER collection
contains 417 labeled short-horizon segments from approximately 45 minutes
of play data, each paired with text instructions. BESO evaluates ten tasks
from the kitchen repertoire, while FLOWER evaluates twenty tasks. To
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enhance diversity in task descriptions, GPT-4 was employed to generate
varied language annotations.

Evaluation Protocol. Each policy is tested 5 times for each task from a
starting position not seen in training with some added noise to it. During our
experiments, we further varied the orientation of the banana slightly for the
robot to pick up, while we kept the toaster in the same position during all
our experiments. We report the average success rate and rank for each task
to determine the best policy.

D.3.5.1. Pretraining Details for Baselines for the Real World Kitchen

For finetuning the baseline generalist robot policies (Octo, CrossFormer, and
OpenVLA), we adhered as closely as possible to the official recommendations
provided in their respective GitHub repositories, with only minimal modifi-
cations where necessary. All experiments were conducted on a single-node
GPU cluster equipped with four NVIDIA RTX 4090 GPUs (24GB each).

For Octo, we fine-tuned the model for 50,000 steps, which took approximately
6 hours. In our setup, we used two images per sample—designating the top
image as image_primary and the side image as image_secondary. The baseline
Octo model has a default action space of 7 dimensions (delta end-effector
position, rotation, and gripper controls). To accommodate our tasks, we
extended the default action head by one additional dimension, creating a 7+1
dimensional absolute action space before fine-tuning.

For CrossFormer, we again relied on the default fine-tuning settings from
the original repository and trained for 50,000 steps, which took around 12
hours. The image setup was identical to that used for Octo. We introduced a
new action head, new_arm_single_joint, with an action dimension of 8, and
developed a new observation tokenizer specifically for the secondary image.
All other modules were initialized from the pretrained weights provided in
the repository and then fine-tuned.

For OpenVLA, which originally supports only delta end-effector actions
and enforces an assertion to prevent the use of joint-space OXE datasets for
pretraining or fine-tuning, we modified the code to remove this assertion.
We then introduced appropriate action and normalization masks (masking
nothing for the action and masking the gripper for normalization). Using
the default fine-tuning configuration with LoRA-based updates, we trained
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OpenVLA for 150,000 steps. Due to memory constraints, we reduced the batch
size from the default of 16 to 1 and applied gradient accumulation over 4 steps
(as opposed to a larger accumulation factor, which would have substantially
increased training time). This fine-tuning process took approximately 60
hours on our 4-GPU setup.

For FLOWER we finetuned our model on the kitchen dataset for 50,000 steps.
Since FLOWER has been pretrained on single image, we extended the second
static image for finetuning. No additional modifications have been made to
guarantee a fair comparison against the baselines.

All baseline models use the same kitchen dataset and GPU setup, with model-
specific finetuning schedules: 50,000 steps for Octo and CrossFormer and
150,000 steps for OpenVLA. FLOWER is finetuned for 50,000 steps.

D.3.5.2. Failure Cases for different Policies

Octo. The most common failure mode involves Octo fixating on the mi-
crowave - repeatedly opening, closing, or attempting to interact with its
door even when the task involves other objects or locations. The second
most frequent failure involves Octo’s poor object manipulation, particularly
with the pot and banana, where it either drops items prematurely or fails to
lift them high enough to clear obstacles like the sink edge. Finally, there’s
a consistent pattern of spatial navigation issues where Octo either pushes
objects into walls, hovers aimlessly above target locations, or places objects
in incorrect intermediate positions (like between the sink and stove).

CrossFormer. The Crossformer policy exhibits several consistent failure
patterns across tasks, including freezing in place, hovering without executing
actions, and getting stuck on objects (e.g., sink, microwave door, oven). Many
failures involve misinterpreting tasks, such as repeatedly pretending to place
toast in the sink or confusing objects like the banana and the oven tray. The
model also struggles with manipulating objects correctly, often failing to
grasp, dropping, or pushing objects off surfaces rather than placing them
accurately. Additionally, it frequently interacts with unintended objects, such
as opening and closing the microwave

OpenVLA. OpenVLA frequently fails due to object manipulation errors, such
as pushing, flipping, or throwing objects off surfaces rather than placing them
correctly. A recurring issue is poor grasping ability, especially with pots and
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bananas, often failing to lift them or dropping them prematurely. Additionally,
the policy exhibits random movement behaviors, such as hovering aimlessly,
crashing into the kitchen, or moving without executing the task. It also
struggles with partial execution, frequently opening and then immediately
closing doors or trays instead of completing the full action.

FLOWER. The most common failure mode of FLOWER is imprecise spatial
positioning, particularly evident in tasks like pushing the toaster lever where
the agent consistently misses by about 1cm. We hypothesize that this is due
to workspace normalization issues at boundary regions. The second major
failure pattern involves interaction with pots in the sink, where FLOWER
either gets stuck in loops just before completion, fails to properly clear the
sink walls, or incorrectly routes objects (like trying to drop pots into the
sink during stove-to-stove transfers). Finally, there are issues with excessive
force application in some cases, particularly with the toaster where the agent
occasionally rips it off rather than interacting with it properly.

D.3.6. Generalization Experiments

Finally, we evaluate FLOWER against the best baseline in several generaliza-
tion experiments. In these experiments, we test the models under conditions
that introduce variations not encountered during training. Table D.10 reports
the performance of the different methods on tasks such as “Move Pot from
Right Stove to Sink”, “Open Oven”, and “Pull Oven Tray” under three scenar-
ios: Novel Object, Flashlight, and Background Distractors. For instance, in
the Novel Object condition, new object instances are introduced, while the
Flashlight and Background Distractors settings simulate changes in illumi-
nation and environmental clutter. These settings collectively challenge the
models to generalize beyond their training distribution.

In particular, our experiments also examine the models’ abilities to manipulate
novel objects—those not present in the initial training distribution. The objects
that are new to the model are highlighted in bold in Table D.10. As shown,
FLOWER consistently achieves higher success rates and lower ranks when
manipulating these unfamiliar items, demonstrating robust performance even
under significant distribution shifts. Figure 6.7 provides visual examples of
these novel objects and the scene with various background distractions. This
additional analysis underscores the strength of our approach in adapting to
unseen variations in both object appearance and environmental context.
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D.3.6.1. Novel Task Compositions

To further evaluate our method’s capacity for compositional generalization,
we designed a set of novel task compositions that require the agent to combine
multiple subtasks into a coherent, long-horizon plan. Each task is defined as a
sequence of actions that must be executed in a specific order. For instance, the
Sequence: Open and Close All Appliances task comprises the following
subtasks: “Open the Microwave”, “Open the Oven”, “Open the Ice”, “Close the
Ice”, “Close the Oven”, and “Close the Microwave”. This sequence challenges
the model to manipulate various kitchen appliances in a coordinated manner,
ensuring that the prescribed order of operations is maintained under varying
conditions.

In addition, we introduced two other sequence tasks to test different aspects
of compositionality. The Sequence: Move Items Between Stovetop and
Sink task requires the agent to transfer items between workstations, with
subtasks including “Move Banana from Right Stove to Sink”, “Push the Toaster
Lever”, “Move Pot from Left Stove to Right Stove”, “Pick Up Toast and Place
it at the Sink”, “Move Pot from Right Stove to Left Stove”, and “Move Banana
from Sink to Right Stove”. Finally, the Sequence: Operate the Oven task
focuses on oven manipulation and is composed of the subtasks “Open the
Oven”, “Pull the Oven Tray”, “Move Banana from Right Stove to Oven Tray”,
“Push the Oven Tray”, and “Close the Oven”. These novel task compositions
simulate realistic, multi-step scenarios and provide a rigorous benchmark
for evaluating the ability of our approach to integrate learned sub-skills into
coherent, long-horizon behaviors.
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Taslk ‘ SR/R ‘ Octo ‘ OpenVLA | CrossFormer | FLOWER
. . SR 0.0% 60.0% 100.0% 80.0%
Pot from right stove to sink R 4 5 1 9
. . SR 0.0% 0.0% 0.0% 20.0%
Pot from sink to right stove R 2 2 2 1
Open oven SR 40.0% 0.0% 0.0% 60.0%
P R 2 3 3 1
Pull oven tra SR 0.0% 40.0% 0.0% 100.0%
Y R 3 2 3 1
Open microwave SR 40.0% 100.0% 40.0% 100.0%
P R 3 1 3 1
Close microwave SR 20.0% 80.0% 40.0% 100.0%
R 4 2 3 1
Banana from right stove to sink SR 10.0% 40.0% 40.0% 100.0%
& R 4 2 2 1
. . SR 0.0% 0.0% 20.0% 60.0%
Banana from sink to right stove R 3 3 9 1
SR 0.0% 100.0% 0.0% 0.0%
Push toaster lever R g 1 g 2
. . SR 0.0% 20.0% 80.0% 40.0%
Pickup toast and put to sink R 4 3 1 9
Open Ice SR 0.0% 0.0% 0.0% 100.0%
P R 2 2 2 1
Banana from right stove to oven tra; SR 0.0% 0.0% 0.0% 40.0%
5 Y1 R 2 2 2 1
. SR 0.0% 0.0% 0.0% 0.0%
Pot from sink to left stove R 1 1 1 1
Pot from left stove to right stove SR 40.0% 0.0% 20.0% 80.0%
& R 2 4 3 1
. SR 0.0% 0.0% 0.0% 0.0%
Banana from tray to right stove R 1 1 1 1
Close oven SR 40.0% 100.0% 20.0% 80.0%
R 3 1 4 2
. SR 30.0% 0.0% 0.0% 40.0%
Pot from right stove to left stove R 9 5 5 1
Push oven tra SR 0.0% 20.0% 40.0% 20.0%
Y R 4 2 1 2
. SR 0.0% 80.0% 40.0% 100.0%
Pot from left stove to sink R 4 9 3 1
Close Ice SR 0.0% 0.0% 0.0% 100.0%
R 2.0 2 2 1
SR 10% 31% 22% 61%
Overall Performance R 270 ‘ 210 ‘ 220 ‘ 1.25

Table D.9.: Detailed Results for all tested Real Robot Tasks in the Kitchen
Environment. Each task has two rows: the first (SR) reports success rate (%), and
the second (R) reports rank within that task (lower rank = better performance). The
best results per task are highlighted in bold.
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Figure D.2.: Example generalization rollouts. First two rows show rollouts with
background distractors, rows 3 and 4 show rollouts with only a flashlight as a light
source, and the last 3 rows showcase novel objects.
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Task Novel Object Flashlight BG Distractors
FLOWER OpenVLA FLOWER OpenVLA FLOWER OpenVLA

Move the black donut from sink to right stove 33.3 0.0 - - - -
Move the tennis ball from right stove to sink 66.7 33.3 - - - -
Move the tennis ball from sink to right stove 0.0 0.0 - - - -
Move the black donut from right stove to sink 33.3 0.0 - - - -
Move the red cup from right stove to sink 333 66.7 - - - -
Move the glove from sink to right stove 33.3 0.0 - - - -
Move the carrot from right stove to sink 33.3 0.0 - - - -
Move the glove from right stove to sink 100 0.0 - - - -
Move the carrot from sink to right stove 0.0 0.0 - - - -
Move the red cup from sink to right stove 0.0 0.0 - - - -
Open the microwave - - 100 100 100 100
Pull the oven tray - - 100 0.0 100 66.7
Move banana from right stove to sink - - 100 33.3 66.7 66.7
Close the oven - - 333 66.7 66.7 0.0
Push down the toaster lever - - 0.0 0.0 33.3 100
Move pot from right stove to sink - - - 0.0 66.7 33.3
Open the ice box - - 0.0 0.0 66.7 0.0
Open the oven - - 100 0.0 100 0.0
Close the microwave - - 100 100 100 66.7
Move pot from left stove to sink - - 0.0 0.0 333 66.7
Close the ice box - N 0.0 0.0 100 0.0
Pick up toast and put it in the sink - - 0.0 0.0 0.0 0.0
Average 333 10.0 50.0 25.0 69.5 41.7

Table D.10.: Generalization experimental results for novel objects, distractions
and new lighting conditions. The table reports the success rate (in %) of the
corresponding policy evaluated under three different generalization scenarios: Novel
Object, Flashlight, and Background Distractors (evaluated 3 times for each setting).
The best score for each test is highlighted in bold. A dash (-) indicates that the task
was not evaluated in that scenario.

Task Method ‘ 1 2 3 4 5 ‘ Avg. Seq. Len.
Seq: Stovetop + Sink FLOWER | 66.7% 66.7% 66.7% 33.3% 33.3% 2.67
¢ P OpenVLA | 66.7% 333% 333% 00% - 133
FLOWER 100% 100% 100% 100% 100% 5.00
Seq: Open Close All OpenVLA ‘ 333%  00% - - - 0.33
Seqs Oven FLOWER | 00% - - - - 0.00
< OpenVLA | 00% - - - - 0.00
Overall Performance (FLOWER) 51.1% — — — — 2.56
Overall Performance (OpenVLA) 16.7% — — — — 0.55

Table D.11.: Long Horizon Task Composition Results. For each sequence task,
the per-instruction success rates (in %) are shown for the first 5 instructions (if
applicable) along with the average sequence length. “~” indicates that no instruction
was successfully solved at that index. The Overall Performance rows report the average
success rate (computed over all available instructions) and the average sequence length
across tasks for each method.
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