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Abstract

To enable robot generalists that can operate across tasks, scenes, and
embodiments, we need policies that are expressive, multimodal, and
grounded in 3D spatial understanding. This thesis explores how unifying
3D perception with generative policy learning advances cross-domain
generalization in intelligent robot agents.

We begin by developing foundational 3D perception systems: an open-
vocabulary detector adaptable to both 2D and 3D scenes, a unified
segmentation model that bridges 2D-3D visual domains, and memory-
prompted networks that discover 3D correspondences across scenes without
supervision. These advances establish the architectural groundwork for
general-purpose 3D manipulation.

Building on these foundations, we present a suite of generative 3D ma-
nipulation models—including goal generators, planners, and equivariant
policies—that progressively scale in complexity and task versatility. This
culminates in 3D Diffuser Actor (3DDA), the first 3D diffusion policy
for robotic manipulation, enabling multimodal behaviors and strong task
performance. We further generalize this to 3D Flow Actor (3DFA), a
versatile policy architecture supporting single-arm, and bimanual manipu-
lation, with 20 times faster training and inference, outperforming even
1000 times larger contemporary models.

Finally, we show that scaling 3D policies to billions of parameters can
preserve their spatial grounding and improve data efficiency, when coupled
with key architectural choices. This thesis demonstrates that 3D-centric
generative policies not only unlock robust and versatile robot behaviors
but also pave the way for scalable policy design, advancing the vision of
generalist robots.
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Chapter 1

Introduction

“A robot generalist is a robotic system capable of performing a wide variety of tasks
across diverse environments and embodiments, without being explicitly reprogrammed
or retrained for each scenario.”

ChatGPT, 2025, on “What is a robot generalist”

From robotic arms in factories to autonomous vehicles and household assistants,
most robotic systems today are built for narrow tasks in structured settings. They
excel at repetition but struggle with adaptation. In contrast, the vision of a robot
generalist is one of versatility, where a single system perceives, reasons, and acts
across tasks, scenes, and embodiments.

Achieving this vision of a robot generalist remains a central challenge in robotics.
Traditionally, robotic systems have been engineered with highly specialized skills,
tailored to specific hardware, environments, and task distributions. While effective
in narrow domains, these systems lack the flexibility to generalize to new tasks and
scenes. Robot learning has emerged as a promising alternative, aiming to enable
generalization through experience and data, rather than manual design.

Recent advances in Al have made significant progress by scaling data collection [19,
51, 162, 168, 250, 255, 346, 347], model capacity [15, 253], and co-training with
large vision-language models [5, 20, 66]. Yet, these efforts have largely relied on
architectures that map 2D images to actions, ignoring the inherently 3D nature of
robotic manipulation. This introduces a fundamental mismatch between perception

and control. Additionally, while scaling model size improves generalization to a point,
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it also introduces inefficiencies: these models struggle to adapt to novel tasks with
limited demonstrations and often exhibit brittle, viewpoint-dependent behaviors.

Throughout this thesis, we focus on two key principles for building generalist
robot policies: explicit 3D spatial grounding and generative modeling of multimodal
behaviors. Rather than treating manipulation as a 2D pattern recognition problem,
we propose to unify perception and control in a shared 3D representation space.
Furthermore, by leveraging generative objectives, policies can model complex, multi-
modal action distributions, enabling more robust, flexible behaviors in ambiguous
and underconstrained tasks.

These principles emerged as recurring motifs across multiple lines of investigation.
Starting from perception, we develop architectures that operate jointly in 2D and 3D
spaces, leading to improvements in open-vocabulary object detection, segmentation,
and cross-scene correspondence. Building on these perception modules, we then
introduce a family of generative 3D policies—including goal generators, planners,
and actors—that progressively scale in capacity and versatility. Our contributions
culminate in the development of 3D Diffuser Actor (3DDA) and 3D Flow Actor
(3DFA), which achieve state-of-the-art performance while offering significant efficiency
gains over contemporary 2D and diffusion-based methods. We conclude with 3DFA-
VLA, an extension of 3DFA which demonstrates the ability of 3D policies to scale
and the important design choices for doing so.

The following chapters document this progression, from foundational perception
architectures to scalable 3D policies, detailing how these design principles unlock new
capabilities in generalist robotic agents.

In Chapters 2, 3, 4, we lay the perception foundations necessary for generalist
robotic policies. In Chapter 2, we begin with an open-vocabulary detection model, the
first to be capable of achieving state-of-the-art results on both 2D and 3D language
grounding benchmarks with minimal adjustments. Building on this, in Chapter 3, we
develop a unified 2D-3D segmentation architecture, capable of segmenting entities in
both modalities with shared weights, enhancing generalization across viewpoints and
sensor types. Finally, in Chapter 4, we introduce memory-prompted segmentation
networks, which leverage a retrieval-based mechanism to adapt to novel objects
and scenes, facilitating few-shot generalization without the need for weight updates.

These perception models serve as critical bottlenecks that abstract the scene into
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task-relevant representations.

In Chapters 5, 6 and 7, we transition to policy learning, progressively developing a
family of generative 3D manipulation policies. In Chapter 5, we begin by factorizing
policy learning into modular components: high-level language-conditioned planning,
scene abstraction through perception bottlenecks, goal configuration planning, and
low-level action prediction. This modular design enables generalization to unseen
domains and real-world tasks without fine-tuning. Next, in Chapter 6, we propose
Act3D, an equivariant architecture that predicts goal keyposes in 3D space, achiev-
ing strong generalization across a large suite of manipulation tasks. However, we
observe limitations in handling tasks requiring fine-grained continuous interaction
due to reliance on heuristic planners. To address this, in Chapter 7, we introduce
diffusion-based planners, reframing trajectory generation as a denoising problem. This
replacement significantly improves policy expressivity and performance in complex

manipulation tasks involving articulated and deformable objects.

In Chapter 8, we unify these insights into 3D Diffuser Actor (3DDA), the first
end-to-end diffusion-based 3D manipulation policy. 3DDA models multimodal action
distributions while retaining explicit 3D spatial grounding, achieving strong perfor-
mance across diverse benchmarks. While 3DDA establishes a new state-of-the-art, its
scalability is constrained by its prolonged training times and slow inference.

To overcome these limitations, in Chapter 9, we introduce 3D Flow Actor (3DFA),
a versatile policy that generalizes the 3DDA framework with a continuous-time flow
model. 3DFA enables up to 20 times faster training and inference while supporting

single-arm, bimanual and dexterous manipulation.

Finally, in Chapter 10 we conclude with future work on an extension of 3DFA,
called 3DFA-VLA, a scalable variant with one billion parameters, demonstrating how
3D policies can scale efficiently while preserving 3D token grounding and outperforming

vision-language-action (VLA) baselines in terms of data efficiency and generalization.

This thesis advances the goal of building generalist robot policies by unifying
3D spatial grounding with generative modeling of multimodal behaviors. The key

contributions are as follows:

1. Unified 2D-3D Perception Architectures: We introduce novel architectures that

operate seamlessly across 2D and 3D representations, including:
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e An open-vocabulary detector capable of grounding language queries in 2D

and 3D scenes with minimal architectural changes.

e A joint segmentation network that improves performance on both 2D and

3D inputs through shared representations.

e Memory-prompted segmentation models that exhibit emergent capabilities
such as unsupervised 3D correspondence discovery and rapid adaptation

to new object categories.

2. Generative 3D Manipulation Policies: We develop a family of policies that
leverage generative models to handle the inherent multimodality of manipulation
tasks:

¢ An energy-based goal generator for spatial rearrangement.

¢ A goal-conditioned planner based on diffusion models that enables flexible

trajectory prediction.

¢ 3D Diffuser Actor (3DDA), the first diffusion policy operating directly in 3D
spaces, achieving state-of-the-art performance across multiple manipulation

benchmarks.

3. Scalable and Efficient 3D Generative Policy Architectures: We propose archi-
tectural innovations that enable 3D policies to scale in parameter size while

maintaining explicit 3D token grounding;:

* 3D Flow Actor (3DFA), a versatile policy architecture supporting single-
arm and bimanual manipulation, with significant efficiency improvements

over existing diffusion methods.

e 3DFA-VLA, a large-scale extension demonstrating that 3D policies can
match or surpass 2D VLM-based models in performance and data efficiency,

even as model capacity and data increases.



Chapter 2

Bottom Up Top Down Detection
Transformers for Language

Grounding in Images and Point

Clouds

2.1 Introduction

Language-directed attention helps us localize objects that our “bottom-up”, task-
agnostic perception may miss. Consider Fig. 2.1. The utterance “bottle on top of the
bathroom vanity” suffices to direct our attention to the reference object, even though
it is far from salient. Language-directed perception adapts the visual processing of
the input scene according to the utterance. Object detectors instead apply the same
computation in each scene, which can miss task-relevant objects.

Most existing language grounding models use object proposal bottlenecks: they
select the referenced object from a pool of object proposals provided by the pre-trained
object detector [74, 85, 119, 151, 161]. This means they cannot recover objects or
parts that a bottom-up detector misses. This is limiting since small, occluded, or rare

objects are hard to detect without task-driven guidance. For example, in Figure 2.1

This chapter is based on the paper previously published at ECCV 2022 [135]
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3D Point clouds

Jam Y
"clock placed on top of the shelf"”

Figure 2.1: Language-modulated 3D (top) and 2D (bottom) detection with
BUTD-DETR. Middle: State-of-the-art object detectors often fail to localize
small, occluded or rare objects (here they miss the clock on the shelf and the
bottle on the cabinet). Right: Language-driven and objectness-driven attention in
BUTD-DETR modulates the visual processing depending on the referential expression
while taking into account salient, bottom-up detected objects, and correctly localizes
all referenced objects.

middle, state-of-the-art 2D [285] and 3D [216] detectors miss the clock on the shelf

and the bottle on the bathroom vanity, respectively.

Recently, Kamath et al. [158] introduced MDETR, a language grounding model
for 2D images that decodes object boxes using a DETR [23] detection head and
aligns them to the relevant spans in the input utterance, it does not select the answer
from a box proposal pool. The visual computation is modulated based on the input
utterance through several layers of self-attention on a concatenation of language and
visual features. MDETR achieves big leaps in performance in 2D language grounding

over previous box-bottlenecked methods.

We propose a model for grounding referential utterances in 3D and 2D visual
scenes that builds upon MDETR, which we call BUTD-DETR (pronounced Beauty-

6
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Y

DETR), as it uses both box proposals, obtained by a pre-trained detector “bottom-up’
and “top-down” guidance from the language utterance, to localize the relevant objects
in the scene. BUTD-DETR uses box proposals obtained by a pre-trained detector
as an additional input stream to attend on; however, it is not box-bottlenecked and
still decodes objects with a detection head, instead of selecting them from the input
box stream. Current object detectors provide a noisy tokenization of the input visual
scene that, as our experiments show, is a useful cue to attend on for multimodal
reasoning. Second, BUTD-DETR augments grounding annotations by configuring
annotations for object detection as detection prompts to be grounded in visual scenes.
A detection prompt is a list of object category labels, e.g., “Chair. Door. Person.
Bed.”. We train the model to ground detection prompts by localizing the labels that
are present in the image and learn to discard labels that are mentioned but do not
correspond to any objects in the scene. Third, BUTD-DETR considers improved
bounding box - word span alignment losses that reduce noise during alignment of

object boxes to noun phrases in the referential utterance.

We test BUTD-DETR on the 3D benchmarks of [2, 25] and 2D benchmarks of
[163, 388]. In 3D point clouds, we set new state-of-the-art in the two benchmarks of
Referit3D [2] and ScanRefer [25] and report significant performance boosts over all
prior methods (12.6% on SR3D, 11.6% on NR3D and 6.3% on ScanRefer), as well as
over a direct MDETR-3D implementation of ours that does not use a box proposal
stream or detection prompts during training. In 2D images, our model obtains
competitive performance with MDETR on RefCOCO, RefCOCO+ and Flickr30k,
and requires less than half of the GPU training time due to the cheaper deformable
attention in the visual stream. We ablate each of the design choices of the model to

quantify their contribution to performance.

In summary, our contributions are: (i) A model with SOTA performance across
both 2D and 3D scenes with minor changes showing that modulated detection in 2D
images can also work in 3D point clouds with appropriate visual encoder and decoder
modifications. (ii) Augmenting supervision with detection prompts, attention on an
additional input box stream and improved bounding box - word span alignment losses.
(iii) Extensive ablations to quantify the contribution of different components of our

model. We make our code publicly available at https://butd-detr.github.io.
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2.2 Related work

Object detection with transformers

Object detectors are trained to localize all instances of a closed set of object category
labels in images and 3D point-clouds. While earlier architectures pool features within
proposed boxes to decode objects and classify them into categories [114, 205, 283],
recent methods pioneered by DETR [23] use transformer architectures where a set
of object query vectors attend to the scene and among themselves to decode object
boxes and their labels. DETR suffers from the quadratic cost of within image features
self attention. D(eformable)-DETR [412] proposes deformable attention, a locally
adaptive kernel that is predicted directly in each pixel location without attention to
other pixel locations, thus saving the quadratic cost of pixel-to-pixel attention. Our
model builds upon deformable attention for feature extraction from RGB images.

216, 242] extend detection transformers to 3D point cloud input.

2D referential language grounding

Referential language grounding [163] is the task of localizing the object(s) referenced
in a language utterance. Most 2D language grounding models obtain sets of object
proposals using pre-trained object detectors and the original image is discarded upon
extraction of the object proposals [74, 85, 119, 151, 161]. Many of these approaches
use multiple layers of attention to fuse information across both, the extracted boxes
and language utterance [33, 222, 381]. Recently, a few approaches directly regress
the target bounding box without using pre-trained object proposals. In [32] language
and visual features cross-attend and are concatenated to predict the box of the
referential object. Yang et al. [379] extends the YOLO detector [283] to referential
grounding by channel-wise concatenating language, visual and spatial feature maps
and then regressing a single box using the YOLO box prediction head. [297] performs
a fusion similar to [379], then selects a single box from a set of anchor boxes and
predicts a deformation of it, much like the Faster-RCNN object detector [285]. While
previous approaches encode the whole text input into a single feature vector, [380]
further improves performance by recursively attending on different parts of the

referential utterance. Lastly, [56] encodes the image and utterance with within- and
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cross-modality transformers, and a special learnable token regresses a single box. In
contrast to our method, all these works predict a single bounding box per image-
utterance pair. Our work builds upon MDETR of Kamath et al. [158] that modulates
visual processing through attention to the input language utterance and decodes
objects from queries similar to DETR, without selecting from a pool of proposals.
Both our method and MDETR can predict multiple instances being referred to, as
well as ground intermediate noun phrases. Concurrent to our work, GLIP [182]
shows that adding supervision from detection annotations can improve 2D referential
grounding. Our work independently confirms this hypothesis in 2D and also shows

its applicability on the 3D domain.

3D referential language grounding

has only recently gained popularity [2, 25]. To the best of our knowledge, all
related approaches are box-bottlenecked: they extract 3D object proposals and select
one as their answer. Their pipeline can be decomposed into three main steps: i)
Representation of object boxes as point features [381], segmentation masks [390] or
pure spatial/categorical features [290]. ii) Encoding of language utterance using word
embeddings [290, 381] and/or scene graphs [77]. iii) Fusion of the two modalities and
scoring of each proposal using graph networks [124] or Transformers [381]. Most of
these works also employ domain-specific design choices by explicitly encoding pairwise
relationships [109, 124, 390] or by relying on heuristics, such as restricting attention
to be local [390, 404] and ignoring input modalities [290]. Such design prevents those

architectures from being applicable to both the 3D and 2D domains simultaneously.

Due to the inferior performance of 3D object detectors in comparison to their 2D
counterparts, popular benchmarks for 3D language grounding, such as Referit3D [2]
provide access to ground-truth object boxes at test time. The proposed BUTD-DETR
is the first 3D language grounding model that is evaluated on this benchmark without

access to oracle 3D object boxes.
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2.3 Method

We first describe MDETR [158] in Section 2.3.1. Then, we present BUTD-DETR’s
architecture in Section 2.3.2, supervision augmentation with detection prompts in

Section 2.3.3 and its training objectives in Section 2.3.4.

2.3.1 Background: MDETR

MDETR is a 2D language grounding model that takes a referential utterance and
an RGB image as input and localises in the image all objects mentioned in the
utterance. MDETR encodes the image with a convolutional network [111] and the
language utterance with a RoOBERTa encoder [211]. It then fuses information across
the language and visual features through multiple layers of self-attention on the
concatenated visual and language feature sequences. In MDETR’s decoder, a set of
query vectors iteratively attend to the contextualized visual features and self-attend
to one another, similar to the DETR’s [23] decoder. Finally, each query decodes a
bounding box and a confidence score over each word in the input utterance, which
associates the box to a text span.

The predicted boxes are assigned to ground-truth ones using a Hungarian matching,

similar to [23]. Upon matching, the following losses are computed:

¢ A bounding box loss between predicted boxes and the corresponding ground-

truth ones. This is a combination of 1.1 and generalized IoU [288] losses.

e A soft token prediction loss. A query matched to a ground-truth box is trained
to decode a uniform distribution over the language token positions that refer to
that object. Queries not matched to ground-truth targets are trained to predict

a no-object label.

e Two contrastive losses between query and language token features. The first
one, called object contrastive loss, pulls an object query’s features closer to the
features of the corresponding ground-truth span’s word tokens, and further
than all other tokens. The second one, called token contrastive loss, pulls the
features of a ground-truth span’s token closer to the corresponding object query

features, and further than all other queries.
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Figure 2.2: BUTD-DETR . architecture. Given a visual scene and a referential
utterance, the model localizes all object instances mentioned in the utterance. A
pre-trained object detector extracts object box proposals. The visual scene features,
the language utterance and the labelled box proposals are encoded into corresponding
sequences of visual, word and box tokens using visual, language and box encoders,
respectively. The three streams cross-attend and finally decode boxes and correspond-
ing spans in the language utterance that each decoded box refers to. We visualize
here the model operating on a 3D point cloud; an analogous architecture is used for
2D image grounding.

2.3.2 Bottom-up Top-down DETR (BUTD-DETR)

The architecture of BUTD-DETR is illustrated in Figure 2.2. Given a referential
language utterance, e.g., “find the plant that is on top of the end table” and a visual
scene, which can be a 3D point cloud or a 2D image, BUTD-DETR is trained to
localize all objects mentioned in the utterance. In the previous example, we expect
one box for the “plant” and one for the “end table”. The model attends across
image/point cloud, language and box proposal streams, then decodes the relevant

objects and aligns them to input language spans.

Within-modality encoder

In 2D, we encode an RGB image using a pre-trained ResNet101 backbone [110]. The
2D appearance visual features are added to 2D Fourier positional encodings, same
as in [132, 412]. In 3D, we encode a 3D point cloud using a PointNet++ backbone
[270]. The 3D point visual features are added to learnable 3D positional encodings,

same as in [216]: we pass the coordinates of the points through a small multilayer

11



2. Bottom Up Top Down Detection Transformers for Language Grounding in Images
and Point Clouds

perceptron (MLP). Let V € R™** denote the visual token sequence, where n, is the
number of visual tokens and ¢, is the number of visual feature channels.

The words of the input utterance are encoded using a pre-trained RoBERTa [211]
backbone. Let £ € R™*“ denote the word token sequence.

A pre-trained detector is used to obtain 2D or 3D object box proposals. Following
prior literature, we use Faster-RCNN [285] for RGB images, pre-trained on 1601 object
categories of Visual Genome [175], and Group-Free detector [216] for 3D point clouds
pre-trained on a vocabulary of 485 object categories on ScanNet [49]. The detected
box proposals that surpass a confidence threshold are encoded using a box proposal
encoder, by mapping their spatial coordinates and categorical class information to an
embedding vector each, and concatenating them to form an object proposal token.
We use a pre-trained and frozen RoBERTa [211] backbone to encode the semantic

% denote the object token sequence.

categories of proposed boxes. Let O € R™

The 3D detector is trained on ScanNet and all 3D benchmarks we use are also
ScanNet-based. This creates a discrepancy in the quality of the detector’s predictions
between train and test time, as it is far more accurate on the training set. As a
result, we find that BUTD-DETR tends to rely on the detector at training time and
generalizes less at test time, where the detector’s predictions are much noisier. To
mitigate this, we randomly replace 30% of the detected boxes at training time with
random ones. This augmentation leads to stronger generalization when the detector
fails to locate the target object. Note that this is not the case in 2D, where the
detector is trained on a different dataset.

All visual, word and box proposal tokens are mapped using (different per modality)

MLPs to same-length feature vectors.

Cross-modality Encoder

The visual, language and box proposals, interact through a sequence of Ng cross-
attention layers. In each encoding layer, visual and language tokens cross-attend
to one another and are updated using standard key-value attention. Then, the
resulting language-conditioned visual tokens attend to the box proposal tokens. We
use standard attention for both streams in 3D and deformable attention [412] for the

visual stream in 2D.
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In contrast to MDETR, BUTD-DETR keeps visual, language and box stream
separate in the encoder instead of concatenating them. This enables us to employ
deformable attention [412] in self and cross attention layers involving the visual stream
in 2D domain. Deformable attention involves computing bilinearly interpolated
features which is expensive and non-robust in discontinous and sparse modalities like
pointclouds, hence we use vanilla attention in 3D. In our experiments, we show that
concatenation versus keeping separate streams performs similarly in 3D referential

grounding.

Decoder

BUTD-DETR decodes objects from contextualized features using non-parametric
queries in both 2D and 3D, similar to [216, 412]. Non-parametric queries are predicted
by visual tokens from the current scene, in contrast to parametric queries used in
DETR [23] and MDETR [158] that correspond to a learned set of vectors shared across
all scenes. Specifically, the contextualized visual tokens from the last multi-modality
encoding layer predict confidence scores, one per visual token. The top-K highest
scoring tokens are each fed into an MLP to predict a vector which stands for an object
query, i.e., a vector that will decode a box center and size relative to the location
of the corresponding visual token, similar to D-DETR [412]. The query vectors are
updated in a residual manner through Np decoder layers. In each decoder layer, we
employ four types of attention operations. First, the queries self-attend to one another
to contextually refine their estimates. Second, they attend to the contextualized word
embeddings to condition on the language utterance. Next, they attend to the box
proposal tokens and then in the image or point visual tokens. At the end of each
decoding layer, there is a prediction head that predicts a box center displacement,
height and width vector, and a token span for each object query that localizes the

corresponding object box and aligns it with the language input.

2.3.3 Augmenting supervision with detection prompts

Object detection is an instance of referential language grounding in which the utterance
is a single word, namely, the object category label. Language grounding models have

effectively combined supervision across referential grounding, caption description and
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Figure 2.3: Augmenting referential grounding supervision with detection
prompts. A detection prompt is constructed by sequencing sampled object category
labels (here couch, person and chair). The task is to localize all instances of mentioned
objects and associate them with the correct span in the prompt. 50% of the sampled
labels are negative, i.e., they have no corresponding object instance in the scene. The
model learns not to associate these spans with predicted boxes.

question answering tasks [222, 223], which is an important factor for their success.
Object detection annotations have not been considered so far as candidates for such
co-training.

We cast object detection as grounding of detection prompts, namely, referential
utterances comprised of a list of object category labels, as shown in Figure 2.3.
Specifically, given the detector’s vocabulary of object category labels, we randomly
sample a fixed number of them—some appear in the visual scene and some do not—
and generate synthetic utterances by sequencing the sampled labels, e.g., “Couch.
Person. Chair. Fridge.”, we call them detection prompts. We treat these prompts
as referential utterances to be grounded: the task is to localize all object instances
of the category labels mentioned in the prompt if they appear in the scene. The
sampling of negative category labels (labels for which there are no object instances
present) operates as negative training: the model is trained to not match any boxes

to the negative category labels.

2.3.4 Supervision objectives

We supervise the outputs of all prediction heads in each layer of the decoder. We

follow MDETR [158] in using Hungarian matching to assign a subset of object queries
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to the ground-truth object boxes and then compute the bounding box, soft token
prediction and contrastive losses. Our bounding box and soft token prediction losses
are identical to MDETR’s. However, we notice that MDETR’s contrastive losses do
not compare all object queries and word tokens symmetrically. Specifically, the object
contrastive loss supervises only the object queries that are matched to a ground-truth
object box. On the other hand, the token contrastive loss includes only the tokens that
belong to positive spans, namely, noun phrases with corresponding object instances
in the scene. As a result, object queries not matched to any ground-truth object box
are not pulled far from non-ground-truth text spans, which means at inference object
queries can be close to negative spans. We find this asymmetry to hurt performance,
as we show in our experiments.

To address this, we propose a symmetric alternative where the similarities between
all object queries and language tokens are considered. We append the span “not-
mentioned” to all input utterances. This acts as the ground-truth text span for all
object queries that are not assigned to any of the ground-truth objects. The object
contrastive loss now supervises all queries and considers the similarities with all tokens.
We empirically find that gathering unmatched queries to “not mentioned” is beneficial.
This is similar in principle to the soft token prediction loss, where unmatched queries
have to predict “no object”. In fact, we find that this symmetric contrastive loss
is sufficient for our model’s supervision, but we observe that co-optimizing for soft

token prediction results in faster convergence.

2.4 Experiments

We test BUTD-DETR on grounding referential utterances in 3D point clouds and

2D images. Our experiments aim to answer the following questions:

1. How does BUTD-DETR perform compared to the state-of-the-art in 3D and
2D language grounding?

2. How does BUTD-DETR perform compared to a straightforward extension of
the 2D state-of-the-art MDETR [158] model in 3D?

3. How much, if at all, attending to a bottom-up box proposal stream helps

performance?
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4. How much, if at all, co-training for grounding detection prompts helps perfor-

mance?

5. How much, if at all, the proposed contrastive loss variant helps performance?

2.4.1 Language grounding in 3D point clouds

We test BUTD-DETR on SR3D, NR3D [2] and ScanRefer [25] benchmarks. All three
benchmarks contain pairs of 3D point clouds of indoor scenes from ScanNet [49] and
corresponding referential utterances, and the task is to localize the objects referenced
in the utterance. The utterances in SR3D are short and synthetic, e.g., “choose the
couch that is underneath the picture”, while utterances in NR3D and ScanRefer are
longer and more natural, e.g. “from the set of chairs against the wall, the chair
farthest from the red wall, in the group of chairs that is closer to the red wall”. For
fair comparison against previous methods, we train BUTD-DETR separately on
each of SR3D, NR3D and ScanRefer. We augment supervision in each of the three
datasets with ScanNet detection prompts. SR3D provides annotations for all objects
mentioned in the utterance, so during training we supervise localization of all objects
mentioned. In NR3D and ScanRefer, we use supervision for grounding only the
referenced object.
All existing models that have been tested in SR3D or NR3D benchmarks are
box-bottlenecked, namely, they are trained to select the answer from a pool of box
proposals. They all use ground-truth 3D object boxes (without category
labels) as the set of boxes to select from. We thus consider two evaluation setups:
1. det: where we re-train previous models using their publicly available code and
provide the same 3D box proposals we use in BUTD-DETR, obtained by the
Group-Free 3D object detector [216] trained to detect 485 object categories in
ScanNet (Section det in Table 2.1).

2. GT, where we use ground-truth 3D object boxes for our model and baseline
(Section GT in Table 2.1).

Alongside previous models, we also compare our model against our implementation
of the MDETR model in 3D. This is similar to our model but without attention
on a box stream, without co-training with detection prompts and with the original

contrastive losses proposed by MDETR. We also replace MDETR’s parametric object
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Table 2.1: Results on language grounding in 3D point clouds. We evaluate
top-1 accuracy using ground-truth (GT) or detected (det) boxes. * denotes method
uses extra 2D image features. T denotes evaluation with detected boxes using the
authors’ code and checkpoints. * denotes re-training using the authors’ code. For
[404], we compare against their 3D-only version.

SR3D NR3D ScanRefer (Val. Set)
Method Acc@0.25(det) | Acc.(GT) | Acc@0.25(det) | Acc@0.25(det) | Acc@0.5(det)
Referlt3DNet [2] o771 30.8 24,01 26.4 16.9
ScanRefer [25] - - - 35.5 224
TGNN [124] . 45.0 ; 37.4 29.7
3DRefTransformer [1] - 47.0 - - -
InstanceRefer [390] 31.54 48.0 29.9% 40.2 32.9
FFL-3DOG [77] - - - 41.3 34.0
LanguageRefer [290] 39.51 56.0 28.6 - -
3DVG-Transformer [404] - 51.4 - 45.9 34.5
TransRefer3D [109] - 57.4 - - -
SAT-2D [381]* 35.41 57.9 317t 445 30.1
MDETR-[158]-3D (our impl.) 154 - 315 172 31.9
BUTD-DETR (ours) 52.1 67.0 43.3 52.2 39.8

queries with non-parametric one —similar to our model—since they have been shown
to be crucial for good performance in 3D [216, 242]. We call this model MDETR-3D.
For the sake of completeness, we do have a 3D version of MDETR that uses parametric
queries in Table 2.2 and, as expected, it is significantly worse. MDETR does not use
a pool of box proposals in any way and hence we cannot report results of MDETR-3D
under GT.

We show quantitative results of our models against previous works in Table 2.1.
We use top-1 accuracy metric, which measures the percentage of times we can find the
target box with an IoU higher than the threshold. We report results with loU@0.25
on SR3D and NR3D; and with both IoU@0.25 and IoU@0.5 on ScanRefer. Please

refer to supplementary for more detailed results.

BUTD-DETR outperforms existing approaches as well as MDETR-3D by a large
margin under both evaluation setups, det and GT. It also outperforms the recent SAT-
2D [381] that uses additional 2D RGB image features during training. BUTD-DETR
does not use 2D image features, but it can be easily extended to do so. We show

qualitative results in Figure 2.4.
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Table 2.2: Ablation of design choices for BUTD-DETR on SR3D.

Model Accuracy

BUTD-DETR 52.1
w/o visual tokens 41.9
w/o detection prompts 47.9
w/0 box stream 51.0
with MDETR’s [158] contrastive loss 49.6
w/o detection prompts; w/o box stream; (MDETR [158]-3D) 45.4
with parametric queries; w/o detection prompts; w/o box stream; (MDETR [158]-3D-Param) 33.8
with concatenated Visual, Language and Object Streams 51.3

Ablative analysis

We ablate all our design choices for 3D BUTD-DETR on SR3D benchmark [2] in
Table 2.2. We compare BUTD-DETR against the following variants:
e w/o visual tokens: an object-bottlenecked variant, which only attends to the

language and box proposal streams and selects one box out of the proposals.

e w/o detection prompts: BUTD-DETR trained solely on SR3D grounding utter-

ances.

e w/o box stream: BUTD-DETR without attention on the box stream.

e w/ MDETR’s contrastive loss: BUTD-DETR where we replace our modified
contrastive loss with MDETRs.

® w/o detection prompts, w/o box stream, w/ MDETR’s contrastive loss: an
MDETR [158]-3D implementation.

e w/ parametric queries, w/o detection prompts, w/o box stream, w/ MDETR’s
contrastive loss: an MDETR-3D implementation that uses parametric object
queries, as in original MDETR.

e w/ concatenated visual, language and box streams: instead of attending to each

modality separately, we concatenate the different streams along their sequence

dimension.

The conclusions are as follows:

1. Box bottlenecks hurt: Models such as BUTD-DETR and MDETR-3D that
decode object boxes instead of selecting them from a pool of given object

proposals significantly outperform box-bottlenecked variants. BUTD-DETR
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Figure 2.4: Qualitative results of BUTD-DETR in the SR3D benchmark.
Predictions for the target are shown in green and for other mentioned objects in orange.
The detected proposals appear in blue. (a) The variant without box stream (red box)
fails to exploit the information given by the detector, but BUTD-DETR succeeds.
(b) The detector misses the “shoes” and any box-bottlenecked variant fails. (c¢) The
detector is successful in finding the “dustbin”, still BUTD-DETR refines the box to
get a more accurate bounding box.

outperforms by 10.2% an object-bottlenecked variant, that does not attend to

3D point features and does not decode boxes.
2. BUTD-DETR outperforms MDETR-3D by 6.7%:

3. Attention on a box proposal stream helps: Removing attention on the

box stream causes an absolute 1.1% drop in accuracy.

4. Co-training with detection prompts helps: Co-training with detection

prompts contributes 4.2% in performance (from 47.9% to 52.1%).

5. BUTD-DETR ’s contrastive loss helps: Replacing our contrastive loss
with MDETR’s results in drop of 2.5% in absolute accuracy.

6. Concatenating Visual, Language and Object Streams performs worse
than a model that has separate streams for each modality Our motiva-
tion is to keep separate streams in 3D cross-modality encoder and decoder to be
consistent with 2D BUTD-DETR as explained in Section 2.3.2. We additionally

find that having separate streams gives a boost of 0.8%.
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Table 2.3: Results on language grounding in 2D RefCOCO and RefCOCO+
Datasets on Top-1 accuracy metric using standard splits. All training times
are computed using same V100 GPUs. Training epochs are written as x + y where x
= number of pre-training epochs and y = number of fine-tuning epochs. All reported
results use ResNet101 backbone.

RefCOCO RefCOCO+ Training | Training
Method val | testA | testB | val | testA | testB | Epochs | GPU Hours
UNITER_L [33] 814 | 87.0 | 742 | 75.9 | 81.5 | 66.7 - -
VILLA_L [87] 82.4 | 875 | 748 | 76.2 | 81.5 | 66.8 - -
MDETR [158] 86.8 | 89.6 | 81.4 | 79.5| 84.1 | 70.6 | 40+ 5 5560
BUTD-DETR (ours) | 85.9 | 83.5 | 81.5 | 782 | 82.8 | 70.0 | 12+ 5 2748

Table 2.4: Results on language grounding in Flickr30k 2D images. We use
Recall@k metric. All training times are computed using same V100 GPUs.

Val Test Training | Training
Method R@1 | R@Q5 | R@10 | R@1 | R@Q5 | R@10 | Epochs | GPU hours
Visual BERT [181] 704 | 84.5 | 86.3 | 71.3 | 85.0 | 86.5 - -
MDETR [158] 82.5|92.9| 94.9 | 83.4 | 93.5 | 95.3 40 5480
BUTD-DETR (ours) | 81.2 | 90.9 | 92.8 | 81.0 | 91.6 | 93.2 12 2688

2.4.2 Language grounding in 2D images

We test BUTD-DETR on the referential grounding datasets of RefCOCO [163],
RefCOCO+ [388] and Flickr30k entities dataset [265]. We follow the pretrain-then-
finetune protocol of MDETR and first pre-train on combined grounding annotations
from Flickr30k [265], referring expression datasets [163, 234, 388], Visual Genome
[175]. During pre-training the task is to detect all instances of objects mentioned in
the utterance. Different than MDETR, we augment this supervision with detection
prompts from the MS-COCO dataset [194]. Following MDETR, we directly evaluate
our pre-trained model on Flickr30k without any further fine-tuning and fine-tune for
5 epochs on RefCOCO and RefCOCO+.

Table 2.5: Ablation for BUTD-DETR on the RefCOCO validation set.

Model Accuracy

BUTD-DETR 79.4
w/o det prompts 77.0
w/o box stream w/o det prompts 76.3
w/o box stream w/o det prompts w/ MDETR’s [158] contrastive 74.2
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We report top-1 accuracy on the standard splits of RefCOCO and RefCOCO+ in
Table 2.3 and Recall metric with ANY-BOX protocol [181] on Flickr30k in Table 2.4.
Our model and MDETR use the same 200k image-language pairs from COCO [194],
Flickr30k [265] and Visual Genome [175]. VisualBERT [181] is trained on COCO
captions. UNITER [33] and VILLA [87] use a larger dataset of 4.4M pairs from COCO,
Visual Genome, Conceptual-Captions [308], and SBU Captions [254]. In addition,
we augment our training set with detection prompts from COCO. BUTD-DETR
trains two times faster than MDETR while getting comparable performance. This
computational gain comes mostly from deformable attention which is much cheaper
than original visual self-attention that scales quadratically with the number of visual

tokens, as already reported in [412].

Ablative analysis

We ablate our model in RefCOCO without pre-training in Table 2.5, since pre-training
is computationally expensive due to the size of the combined datasets. Consistent with
3D, removing detection prompts results in an accuracy drop of 2.4%. Additionally
removing attention to the box proposal stream results in a drop of 3.1% in accuracy.
When replacing our contrastive loss with MDETR’s, the model achieves 74.2%,

resulting in an additional drop of 2.1% accuracy.

2.4.3 Limitations

Our work relies on language-image alignment and does not address how to ground
language better and more robustly through abstraction of the visual features, e.g.,
the fact that left and right reverse when we change the user’s viewpoint, the fact that
numbers requires precise counting, or the fact that the “ chair furthest away from the
door” requires to satisfy a logical constraint which our model can totally violate when
presented with out-of-distribution visual input. This limitation is a direct avenue for

future work.
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2.5 Conclusion

We present BUTD-DETR , a model for referential grounding in 3D and 2D scenes,
that attends to language, visual and box proposal streams to decode objects men-
tioned in the referential utterance and align them to corresponding spans in the
input. BUTD-DETR builds upon MDETR [158] and outperforms its straightfor-
ward MDETR-3D equivalent by a significant margin thanks to attention on labelled
bottom-up box proposals, co-training with detection prompts and improved con-
trastive losses, setting a new state-of-the-art in two 3D language grounding bench-
marks. BUTD-DETR is also the first model in 3D referential grounding that operates
on the realistic setup of not having access to oracle object boxes, but rather detects

them from the input 3D point cloud.
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Chapter 3

ODIN: A Single Model for 2D and
3D Segmentation

In the previous chapter, we saw that BUTD-DETR was able to achieve state of
the art results on both 3D and 2D language grounding benchmarks with minimal
architectural changes. This result sparks the question: do we really need architectural
modifications for a model to operate on 3D and 2D scenes? Are 3D and 2D vision
separate fields with different requirements? In this chapter, we go one step further
and propose to completely unify the two, with a single model that can segment

objects on both 2D images and 3D point clouds.

3.1 Introduction

There has been a surge of interest in porting 2D foundational image features to 3D
scene understanding [60, 104, 146, 166, 262, 289, 313, 331, 335]. Some methods lift pre-
trained 2D image features using sensed depth to 3D feature clouds [60, 262, 289, 331].
Others distill 2D backbones to differentiable parametric 3D models, e.g., NeRFs, by
training them per scene to render 2D feature maps of pre-trained backbones [166, 313].
Despite this effort, and despite the ever-growing power of 2D backbones [36, 370],
the state-of-the-art on established 3D segmentation benchmarks such as ScanNet [47]

This chapter is based on the paper previously published at CVPR, 2024 [137]
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Figure 3.1: Omni-Dimensional INstance segmentation (ODIN) is a model
that can parse either a single RGB image or a multiview posed RGB-D sequence
into 2D or 3D labelled object segments respectively. Left: Given a posed RGB-D
sequence as input, ODIN alternates between a within-view 2D fusion and a cross-view
3D fusion. When the input is a single RGB image, the 3D fusion layers are skipped.
ODIN shares the majority of its parameters across both RGB and RGB-D inputs,
enabling the use of pre-trained 2D backbones. Right: At each 2D-to-3D transition,
ODIN unprojects 2D feature tokens to their 3D locations using sensed depth and
camera intrinsics and extrinsics.

| 2D Tokens

and ScanNet200 [294] still consists of models that operate directly in 3D, without
any 2D pre-training stage [179, 303]. Given the obvious power of 2D pre-training,
why is it so difficult to yield improvements in these 3D tasks?

We observe that part of the issue lies in a key implementation detail underlying
these 3D benchmark evaluations. Benchmarks like ScanNet do not actually ask
methods to use RGB-D images as input, even though this is the sensor data. Instead,
these benchmarks first register all RGB-D frames into a single colored point cloud
and reconstruct the scene as cleanly as possible, relying on manually tuned stages for
bundle adjustment, outlier rejection and meshing, and ask models to label the output
reconstruction. While it is certainly viable to scan and reconstruct a room before
labelling any of the objects inside, this pipeline is perhaps inconsistent with the goals
of embodied vision (and typical 2D vision), which involves dealing with actual sensor
data and accounting for missing or partial observations. We therefore hypothesize
that method rankings will change, and the impact of 2D pre-training will become

evident, if we force the 3D models to take posed RGB-D frames as input rather than
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3. ODIN: A Single Model for 2D and 3D Segmentation

pre-computed mesh reconstructions. Our revised evaluation setting also opens the
door to new methods, which can train and perform inference in either single-view or
)

multi-view settings, with either RGB or RGB-D sensors.
We propose Omni-Dimensional INstance segmentation (ODIN)", a model for 2D

and 3D object segmentation and labelling that can parse single-view RGB images
and/or multiview posed RGB-D images. As shown in fig. 3.1, ODIN alternates
between 2D and 3D stages in its architecture, fusing information in 2D within each
image view, and in 3D across posed image views. At each 2D-to-3D transition,
it unprojects 2D tokens to their 3D locations using the depth maps and camera
parameters, and at each 3D-to-2D transition, it projects 3D tokens back to their
image locations. Our model differentiates between 2D and 3D features through the
positional encodings of the tokens involved, which capture pixel coordinates for 2D
patch tokens and 3D coordinates for 3D feature tokens. When dealing with 2D
single-view input, our architecture simply skips the 3D layers and makes a forward

pass with 2D layers alone.

We test ODIN in 2D and 3D instance segmentation and 3D semantic segmentation
on the 2D COCO object segmentation benchmark and the 3D benchmarks of Scan-
Net [47], ScanNet200 [294], Matterport3D [24], S3DIS [8] and AI2THOR [54, 174].
When compared to methods using pre-computed mesh point cloud as input, our
approach performs slightly worse than state-of-the-art on ScanNet and S3DIS, but
better on ScanNet200 and Matterport3D. When using real sensor data as input with
poses obtained from bundle reconstruction for all methods, our method performs
even better, outperforming all prior work by a wide margin, in all datasets. We
demonstrate that our model’s ability to jointly train on 3D and 2D datasets results
in performance increase on 3D benchmarks, and also yields competitive segmentation
accuracy on the 2D COCO benchmark. Our ablations show that interleaving 2D and
3D fusion operations outperforms designs where we first process in 2D and then move
to 3D, or simply paint 3D points with 2D features. Stepping toward our broader goal
of embodied vision, we also deploy ODIN as the 3D object segmentor of a SOTA
embodied agent model [301] on the simulation benchmark TEACh [256] in the setup

fThe Norse god Odin sacrificed one of his eyes for wisdom, trading one mode of perception for a
more important one. Our approach sacrifices perception on post-processed meshes for perception on
posed RGB-D images.
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3. ODIN: A Single Model for 2D and 3D Segmentation

with access to RGB-D and pose information from the simulator, and demonstrate
that our model sets a new state-of-the-art. We make our code publicly available at

https://odin-seg.github.io.

3.2 Related Work

3D Instance Segmentation Early methods in 3D instance segmentation [28, 105,
149, 189, 344, 406] group their semantic segmentation outputs into individual instances.
Recently, Mask2Former [36] achieved state-of-the-art in 2D instance segmentation
by instantiating object queries, each directly predicting an instance segmentation
mask by doing dot-product with the feature map of the input image. Inspired by
it, Mask3D [303] abandons the grouping strategy of prior 3D models to use the
simple decoder head of Mask2Former. MAFT [179] and QueryFormer [221] improve
over Mask3D by incorporating better query initialization strategies and/or relative
positional embeddings. While this shift to Mask2Former-like architecture brought the
3D instance segmentation architectures closer to their 2D counterparts, the inputs
and backbones remain very different: 2D models use pre-trained backbones [112, 215],
while 3D methods [303] operate over point clouds and use sparse convolution-based
backbones [41], trained from scratch on small-scale 3D datasets. In this work, we
propose to directly use RGB-D input and design architectures that can leverage

strong 2D backbones to achieve strong performance on 3D benchmarks.

3D Datasets and Benchmarks Most 3D models primarily operate on point
clouds, avoiding the use of image-based features partly due to the design of popular
benchmarks. These benchmarks generate point clouds by processing raw RGB-D
sensor data, involving manual and noisy steps that result in misalignments between
the reconstructed point cloud and sensor data. For instance, ScanNet [47] under-
goes complex mesh reconstruction steps, including bundle reconstruction, implicit
TSDF representation fitting, marching cubes, merging and deleting noisy mesh ver-
tices, and finally manual removal of mesh reconstruction with high misalignments.
Misalignments introduced by the mesh reconstruction process can cause methods
processing sensor data directly to underperform compared to those trained and tested

on provided point clouds. Additionally, some datasets, like HM3D [374] lack access
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to raw RGB-D data. While mesh reconstruction has its applications, many real-time

applications need to directly process sensor data.

2D-based 3D segmentation Unlike instance segmentation literature, several
approaches for semantic segmentation like MVPNet [144], BPNet [120] and Deep-
ViewAgg [289] utilize the sensor point cloud directly instead of the mesh-sampled
point cloud. Virtual Multiview Fusion [177] forgoes sensor RGB-D images in favour
of rendering RGB-D images from the provided mesh to fight misalignments and low
field-of-view in ScanNet images. Similar to our approach, BPNet and DeepViewAgg
integrate 2D-3D information at various feature scales and initialize their 2D streams
with pre-trained features. Specifically, they employ separate 2D and 3D U-Nets for
processing the respective modalities and fuse features from the two streams through
a connection module. Rather than employing distinct streams for featurizing raw
data, our architecture instantiates a single unified U-Net which interleaves 2D and
3D layers and can handle both 2D and 3D perception tasks with a single unified
architecture. Notably, while these works focus solely on semantic segmentation, our
single architecture excels in both semantic and instance segmentation tasks.

Recent advancements in 2D foundation models [172, 276] have spurred efforts
to apply them to 3D tasks such as point cloud classification [273, 368, 401], zero-
shot 3D semantic segmentation [104, 146, 262] and more recently, zero-shot instance
segmentation [331]. Commonly, these methods leverage 2D foundation models to
featurize RGB images, project 3D point clouds onto these images, employ occlusion
reasoning using depth and integrate features from all views through simple techniques
like mean-pooling. Notably, these approaches predominantly focus on semantic
segmentation, emphasizing pixel-wise labeling, rather than instance labeling, which
necessitates cross-view reasoning to associate the same object instance across multiple
views. OpenMask3D [331] is the only method that we are aware of that attempts
3D instance segmentation using 2D foundation models, by training a class-agnostic
3D object segmentor on 3D point clouds and labelling it utilizing CLIP features.
Despite their effectiveness in a zero-shot setting, they generally lag behind SOTA
3D supervised methods by 15-20%. Rather than relying on features from foundation
models, certain works [64, 90] create 3D pseudo-labels using pre-trained 2D models.
Another line of work involves fitting Neural-Radiance Fields (NeRFs), incorporating

features from CLIP [166, 335] or per-view instance segmentations from state-of-the-art
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2D segmentors [313]. These approaches require expensive per-scene optimization
that prohibits testing on all test scenes to compare against SOTA 3D discriminative
models. Instead of repurposing 2D foundation models for 3D tasks, Omnivore [92]
proposes to build a unified architecture that can handle multiple visual modalities
like images, videos and single-view RGB-D image but they only show results for
classification tasks. We similarly propose a single unified model capable of performing
both single-view 2D and multi-view 3D instance and semantic segmentation tasks

while utilizing pre-trained weights for the majority of our architecture.
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Figure 3.2: ODIN Architecture: The input to our model is either a single RGB
image or a multiview RGB-D posed sequence. We feed them to ODIN’s backbone
which interleaves 2D within-view fusion layers and 3D cross-view attention layers to
extract feature maps of different resolutions (scales). These feature maps exchange
information through a multi-scale attention operation. Additional 3D fusion layers
are used to improve multiview consistency. Then, a mask decoder head is used to
initialize and refine learnable slots that attend to the multi-scale feature maps and
predict object segments (masks and semantic classes).

3.3 Method

ODIN’s architecture is shown in fig. 3.2. It takes either a single RGB image or a set
of posed RGB-D images (i.e., RGB images associated with depth maps and camera

parameters) and outputs the corresponding 2D or 3D instance segmentation masks
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and their semantic labels. To achieve this, ODIN alternates between a 2D within-view
fusion and a 3D attention-based cross-view fusion, as illustrated in blue blocks and
in fig. 3.2. A segmentation decoding head predicts instance masks and
semantic labels. Notably, ODIN shares the majority of its parameters across both
RGB and multiview RGB-D inputs. We detail the components of our architecture
below.
Within-view 2D fusion: We start from a 2D backbone, such as ResNet50 [112] or
Swin Transformer [215], pre-trained for 2D COCO instance segmentation following
Mask2Former [36], a state-of-the-art 2D segmentation model. When only a single
RGB image is available, we pass it through the full backbone to obtain 2D features
at multiple scales. When a posed RGB-D sequence is available, this 2D processing is
interleaved with 3D stages, described next. By interleaving within-view and cross-view
contextualization, we are able to utilize the pre-trained features from the 2D backbone
while also fusing features across views, making them 3D-consistent.
Cross-view 3D fusion: The goal of cross-view fusion is to make the individual
images’ representations consistent across views. As we show in our ablations, cross-
view feature consistency is essential for 3D instance segmentation: it enables the
segmentation head to realize that a 3D object observed from multiple views is indeed
a single instance, rather than a separate instance in each viewpoint.
1. 2D-to-3D Unprojection: We unproject each 2D feature map to 3D by lifting each
feature vector to a corresponding 3D location, using nearest neighbor depth and
known camera intrinsic and extrinsic parameters, using a pinhole camera model.
Subsequently, the resulting featurized point cloud undergoes voxelization, where the
3D space is discretized into a volumetric grid. Within each occupied grid cell (voxel),
the features and XYZ coordinates are mean-pooled to derive new sets of 3D feature
tokens and their respective 3D locations.
2. 3D k-NN Transformer with Relative Positions: We fuse information across 3D
tokens using k-nearest-neighbor attention with relative 3D positional embeddings.
This is similar to Point Transformers [360, 403], but we simply use vanilla cross-
attention instead of the vector attention proposed in those works. Specifically, in
our approach, each 3D token attends to its k£ nearest neighbors. The positional
embeddings in this operation are relative to the query token’s location. We achieve

this by encoding the distance vector between a token and its neighbour with an
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MLP. The positional embedding for the query is simply encoding of the 0 vector. We

therefore have

query ., = MLP(0); (3.1)
key .. = MLP(p; — p;), (3.2)

where p; represents the 3D tokens, shaped N x 1 x 3, and p; represents the k nearest
neighbors of each p;, shaped N x k x 3. In this way, the attention operation is
invariant to the absolute coordinates of the 3D tokens and only depends on their
relative spatial arrangements. While each 3D token always attends to the same k
neighbors, its effective receptive field grows across layers, as the neighbors’ features

get updated when they perform their own attention [72].
3. 8D-to-2D Projection: After contextualizing the tokens in 3D, we project the

features back to their original 2D locations. We first copy the feature of each voxel
to all points within that voxel. We then reshape these points back into multiview 2D
feature maps, so that they may be processed by the next 2D module. The features
vectors are unchanged in this transition; the difference lies in their interpretation and
shape. In 2D the features are shaped V' x H x W x F, representing a feature map
for each viewpoint, and in 3D they are shaped N x F', representing a unified feature
cloud, where N =V -H - W.

Cross-scale fusion and upsampling: After multiple single-view and cross-view
stages, we have access to multiple features maps per image, at different resolutions.
We merge these with the help of deformable 2D attention, akin to Mask2Former
[36], operating on the three lowest-resolution scales (1/32,1/16,1/8). When we have
3D input, we apply an additional 3D fusion layer at each scale after the deformable
attention, to restore the 3D consistency. Finally, we use a simple upsampling layer
on the 1/8 resolution feature map to bring it to 1/4 resolution and add with a skip
connection to the 1/4 feature map from the backbone.

Sensor depth to mesh point cloud feature transfer: For 3D benchmarks like
ScanNet [47] and ScanNet200 [294], the objective is to label a point cloud derived
from a mesh rather than the depth map from the sensor. Hence, on those benchmarks,
instead of upsampling the 1/8 resolution feature map to 1/4, we trilinearly interpolate

features from the 1/8 resolution feature map to the provided point cloud sampled
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from the mesh. This means: for each vertex in the mesh, we trilinearly interpolate
from our computed 3D features to obtain interpolated features. We additionally
similarly interpolate from the unprojected 1/4 resolution feature map in the backbone,

for an additive skip connection.

Shared 2D-3D segmentation mask decoder: Our segmentation decoder is a
Transformer, similar to Mask2Former’s decoder head, which takes as input upsampled
2D or 3D feature maps and outputs corresponding 2D or 3D segmentation masks and
their semantic classes. Specifically, we instantiate a set of N learnable object queries
responsible for decoding individual instances. These queries are iteratively refined
by a Query Refinement block, which consists of cross-attention to the upsampled
features, followed by a self-attention between the queries. Except for the positional
embeddings, all attention and query weights are shared between 2D and 3D. We use
Fourier positional encodings in 2D, while in 3D we encode the XYZ coordinates of
the 3D tokens with an MLP. The refined queries are used to predict instance masks
and semantic classes. For mask prediction, the queries do a token-wise dot product
with the highest-resolution upsampled features. For semantic class prediction, we
use an MLP over the queries, mapping them to class logits. We refer readers to
Mask2Former [36] for further details.

Open vocabulary class decoder: Drawing inspiration from prior open-vocabulary
detection methods [134, 182, 415], we introduce an alternative classification head
capable of handling an arbitrary number of semantic classes. This modification is
essential for joint training on multiple datasets. Similar to BUTD-DETR [134] and
GLIP [182], we supply the model with a detection prompt formed by concatenating
object categories into a sentence (e.g., “Chair. Table. Sofa.”) and encode it using
RoBERTa [213]. In the query-refinement block, queries additionally attend to these
text tokens before attending to the upsampled feature maps. For semantic class
prediction, we first perform a dot-product operation between queries and language
tokens, generating one logit per token in the detection prompt. The logits correspond-
ing to prompt tokens for a specific object class are then averaged to derive per-class
logits. This can handle multi-word noun phrases such as “shower curtain”, where we
average the logits corresponding to “shower” and “curtain”. The segmentation masks
are predicted by a pixel-/point-wise dot-product, in the same fashion as described

earlier.
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Point Cloud Model mAP mAP50 mAP25

Sensor RGBD  Mask3D?$ [303] 43.9 60.0 69.9
Sensor RGBD  ODIN-ResNet50 (Ours)  47.8 69.8 83.6
Sensor RGBD  ODIN-Swin-B (Ours) 50.0 71.0 83.6

Mesh Sampled  SoftGroup [344] 46.0 67.6 78.9
Mesh Sampled PBNet [406] 54.3 70.5 78.9
Mesh Sampled Mask3D [303] 55.2 73.7 83.5
Mesh Sampled QueryFormer [221] 56.5 74.2 83.3
Mesh Sampled MAFT [179] 58.4  75.9 -

Table 3.1: ScanNet Instance Segmentation Task. (! = trained by us using
official codebase)

Implementation details: We initialize our model with pre-trained weights from
Mask2Former [36] trained on COCO [192]. Subsequently, we train all parameters
end-to-end, including both pre-trained and new parameters from 3D fusion layers.
During training in 3D scenes, our model processes a sequence of N consecutive
frames, usually comprising 25 frames. At test time, we input all images in the scene
to our model, with an average of 90 images per scene in ScanNet. We use vanilla
closed-vocabulary decoding head for all experiments except when training jointly on
2D-3D datasets. There we use our open vocabulary class decoder that lets us handle
different label spaces in these datasets. During training, we employ open vocabulary
mask decoding for joint 2D and 3D datasets and vanilla closed-vocabulary decoding
otherwise. Training continues until convergence on 2 NVIDIA A100s with 40 GB
VRAM, with an effective batch size of 6 in 3D and 16 in 2D. For joint training on
2D and 3D datasets, we alternate sampling 2D and 3D batches with batch sizes of 3
and 8 per GPU, respectively. We adopt Mask2Former’s strategy, using Hungarian
matching for matching queries to ground truth instances and supervision losses.
While our model is only trained for instance segmentation, it can perform semantic
segmentation for free at test time like Mask2Former. We refer to Mask2Former [36]

for more details.
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Point Cloud Model mloU
Sensor RGBD MVPNet [144] 68.3
Sensor RGBD BPNet [120] 69.7
Sensor RGBD DeepViewAgg [289] 71.0
Sensor RGBD ODIN-ResNet50 (Ours) 73.3
Sensor RGBD ODIN-Swin-B (Ours) 77.8
Rendered RGBD VMVF [177] 76.4
Mesh Sampled Point Transformer v2 [360]  75.4
Mesh Sampled Stratified Transformer [178]  74.3
Mesh Sampled OctFormer [348] 75.7
Mesh Sampled Swin3D-L [377] 76.7
Mesh Sampled (Zero-Shot) OpenScene [262] 54.2

Table 3.2: ScanNet Semantic Segmentation Task.

Point Cloud Model mAP mAP50 mAP25
Sensor RGBD Mask3D [303] § 155 214 24.3
Sensor RGBD ODIN-ResNet50 (Ours)  25.6 36.9 43.8
Sensor RGBD ODIN-Swin-B (Ours) 31.5 45.3 53.1
Mesh Sampled Mask3D [303] 27.4 37.0 42.3
Mesh Sampled QueryFormer [221] 28.1 37.1 43.4
Mesh Sampled MAFT [179] 29.2  38.2 43.3
Mesh Sampled (Zero-Shot) OpenMask3D [331] 15.4 19.9 23.1

Table 3.3: ScanNet200 Instance Segmentation Task. (* = trained by us using
official codebase)

3.4 Experiments

3.4.1 Evaluation on 3D benchmarks

Datasets: First, we test our model on 3D instance and semantic segmentation in the
ScanNet [47] and ScanNet200 [294] benchmarks. The goal of these benchmarks is to
label the point cloud extracted from the 3D mesh of a scene reconstructed from raw
sensor data. ScanNet evaluates on 20 common semantic classes, while ScanNet200
uses 200 classes, which is more representative of the long-tailed object distribution
encountered in the real world. We report results on the official validation split of
these datasets here and on the official test split in the supplementary.

Evaluation metrics: We follow the standard evaluation metrics, namely mean

Average Precision (mAP) for instance segmentation and mean Intersection over Union
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Point Cloud Model mloU

Sensor RGBD  ODIN-ResNet50 (Ours)  35.8
Sensor RGBD  ODIN-Swin-B (Ours) 40.5

Mesh Sampled LGround [294] 28.9
Mesh Sampled CeCo [408] 32.0
Mesh Sampled Octformer [348] 32.6

Table 3.4: ScanNet200 Semantic Segmentation Task.

(mloU) for semantic segmentation.

Baselines: In instance segmentation, our main baseline is the SOTA 3D method
Mask3D [303]. For a thorough comparison, we train both Mask3D and our model
with sensor RGB-D point cloud input and evaluate them on the benchmark-provided
mesh-sampled point clouds. We also compare with the following recent and concurrent
works: PBNet [406], QueryFormer [221] and MAFT [179]. QueryFormer and MAFT
explore query initialization and refinement in a Mask3D-like architecture and thus
have complementary advantages to ours. Unlike ODIN, these methods directly
process 3D point clouds and initialize their weights from scratch. As motivated
before, utilizing RGB-D input directly has several advantages, including avoiding
costly mesh building processes, achieving closer integration of 2D and 3D perception,
and leveraging pre-trained features and abundant 2D data.

In semantic segmentation, we compare with MVPNet [144], BPNet [120] and
state-of-the-art DeepViewAgg [289] which directly operate on sensor RGB or RGB-D
images and point clouds. We also compare with VMVF [177] which operates over
rendered RGB-D images from the provided mesh, with heuristics for camera view
sampling to avoid occlusions, ensures balanced scene coverage, and employs a wider
field-of-view, though we note their code is not publicly available. Similar to ODIN,
all of these methods utilize 2D pre-trained backbones. We also compare with Point-
Transformer v2 [360], Stratified Transformer [178], OctFormer [348] and Swin3D-L
[377] which process the mesh-sampled point cloud directly, without using any 2D
pre-training. On the ScanNet200 semantic segmentation benchmark, we compare
with SOTA OctFormer [348] and with CeCo [408], a method specially designed to
fight class-imbalance in ScanNet200. These methods directly process the point cloud
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and do not use 2D image pre-trained weights. We also compare with LGround [294]
which uses 2D CLIP pre-training. We also compare with zero-shot 2D foundation
model-based 3D models of OpenScene [262] and OpenMask3D [331]. This comparison
is unfair since they are not supervised within-domain, but we include them for
completeness. We draw the following conclusions:

Performance drops with sensor point cloud as input (table 3.1): Mask3D’s
performance drops from 55.2% mAP with mesh point cloud input to 43.9% mAP with
sensor point cloud input. This is consistent with prior works [177, 289] in 3D semantic
segmentation on ScanNet, which attributes the drop to misalignments caused by
noise in camera poses, depth variations and post-processing steps.

ODIN outperforms SOTA 3D methods with sensor point cloud input
and underperforms them when baselines use mesh-sampled point clouds
(table 3.1): Our model significantly outperforms SOTA Mask3D model with sensor
point cloud input and achieves comparable performance to methods using mesh-
sampled point cloud input on the mAP25 metric while far behind on mAP metric,
due to misalignments between the 3D mesh and the sensor point cloud.

ODIN sets a new SOTA in semantic segmentation on ScanNet (table 3.2)
outperforming all methods on all setups including the models trained on the sensor,
rendered and mesh sampled point clouds.

ODIN sets a new instance segmentation SOTA on the long-tailed Scan-
Net200 dataset (table 3.3) outperforming SOTA 3D models on all setups including
the models trained on mesh-sampled point cloud, especially by a large margin in
mAP25 metric, while exclusively utilizing sensor RGB-D data. This highlights the
contribution of 2D features, particularly in detecting a long tail of class distribution
where limited 3D data is available. We show more detailed results with performance
on the head, common and tail classes in the appendix (section B.1.3).

ODIN sets a new semantic segmentation SOTA on ScanNet200 (table 3.4),

outperforming SOTA semantic segmentation models that use mesh point clouds.

3.4.2 Evaluation on multiview RGB-D in simulation

Using the AI2THOR [174] simulation environment with procedural homes from
ProcThor [54], we collected RGB-D data for 1500 scenes (1200 training, 300 test)
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Model mAP mAP50 mAP25 mloU

Mask3D [303] 60.6  T70.8  T6.6 -
ODIN-ResNet50 (Ours) 63.8 73.8 80.2 71.5
ODIN-Swin-B (Ours) 64.3 73.7 78.6 71.4

Table 3.5: AI2THOR Semantic and Instance Segmentation.

TEACh ALFRED
Unseen Seen Unseen Seen
SR GC SR GC SR GC SR GC
FILM [239] - - - - 307 429 26.6 38.2
HELPER [301] 15.8 14.5 11.6 19.4 374 55.0 26.8 41.2

HELPER + ODIN (Ours) 18.6 18.6 13.8 26.6 47.7 61.6 33.5 47.1

Table 3.6: Embodied Instruction Following. SR = success rate. GC = goal
condition success rate.

of similar size as ScanNet (more details in appendix, section B.2). We train and
evaluate our model and SOTA Mask3D [303] on the unprojected RGB-D images. As
shown in table 3.5, our model outperforms Mask3D by 3.7% mAP, showing strong
performance in a directly comparable RGB-D setup. It suggests that current real-
world benchmarks may restrain models that featurizes RGB-D sensor point clouds
due to misalignments. We hope this encourages the community to also focus on

directly collecting, labeling, and benchmarking RGB-D sensor data.

3.4.3 Embodied Instruction Following

We apply ODIN in the embodied setups of TEACh [256] and ALFRED [310] where
agents have access to RGB, depth and camera poses and need to infer and execute
task and action plans from dialogue segments and instructions, respectively. These
agents operate in dynamic home environments and cannot afford expensive mesh
building steps. Detecting objects well is critical for task success in both cases. Prior
SOTA methods [256, 301] run per-view 2D instance segmentation models [36, 62]
and link the detected instances using simple temporal reasoning regarding spatial

and appearance proximity. Instead, ODIN processes its last N egocentric views and
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ScanNet CcOoCO
mAP mAP50 mAP25 mAP
Mask3D [303] 43.9 60.0 69.9 X
Mask2Former [36] X X X 43.7
ODIN (trained in 2D) X X X 43.6
ODIN (trained in 3D)  47.8 69.8 83.6 X
ODIN (trained jointly) 49.1  70.1 83.1 41.2

Table 3.7: Joint Training on Sensor RGB-D point cloud from ScanNet and
2D RGB images from COCO.

Model mAP mloU

ODIN (Ours) 47.8 733
No 3D Fusion 393 73.2
No interleaving 41.7 73.6

Table 3.8: Cross-View Contextualization on ScanNet Dataset.

segments objects instances directly in 3D. We equip HELPER [301], a state-of-the-art
embodied model, with ODIN as its 3D object detection engine. We evaluate using
Task Sucess Rate (SR) which checks if the entire task is executed successfully, and
Goal Conditioned Success Rate (GC) which checks the proportion of satisfied subgoals
across all episodes [256, 310]. We perform evaluation on ”valid-seen” (houses similar
to the training set) and ”valid-unseen” (dissimilar houses) splits. In table 3.6, we
observe that HELPER with ODIN as its 3D object detector significantly outperforms
HELPER that uses the original 2D detection plus linking perception pipeline.

3.4.4 Ablations and Variants

We conduct our ablation experiments on the ScanNet dataset in table 3.7 and tables
3.8, 3.9, 3.10. Our conclusions are:

Joint 2D-3D training helps 3D perception We compare joint training of ODIN on
sensor RGB-D point clouds from ScanNet and 2D RGB images from COCO to variants
trained independently on 2D and 3D data, all initialized from pre-trained COCO
weights. Since there are different classes in ScanNet and COCO, we use our open-

vocabulary semantic class-decoding head instead of the vanilla closed-vocabulary head.
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Model mAP mloU
ODIN (Ours) 47.8 73.3
Only pre-trained backbone 42.3  72.9
No pre-trained features 41.5  68.6

Table 3.9: Effect of Pre-Trained Features on ScanNet Dataset.

Model ResNet50 Swin-B
mAP mloU mAP mloU
ODIN (Ours) 47.8 733 50.0 77.8

With frozen backbone 46.7 74.3 46.2 759

Table 3.10: Effect of Freezing Backbone on ScanNet Dataset.

Results in table 3.7 show that joint training yields a 1.3% absolute improvement in 3D,
and causes a similar drop in 2D. This experiment indicates that a single architecture
can perform well on both 2D and 3D tasks, thus indicating that we may not need
to design vastly different architectures in either domain. However, the drop in 2D
performance indicates a potential for further improvements in the architecture design
to retain the performance in the 2D domain. Nevertheless, this experiment highlights
the benefits of joint training with 2D datasets for 3D segmentation in ODIN. Note
that we do not jointly train on 2D and 3D datasets in any of our other experiments

due to computational constraints.

Cross-View fusion is crucial for instance segmentation but not for semantic
segmentation (table 3.8): removing 3D cross-view fusion layers results in an 8.5%
mAP drop for instance segmentation, without any significant effect in semantic
segmentation. Popular 2D-based 3D open vocabulary works [146, 262] without strong
cross-view fusion only focus on semantic segmentation and thus could not uncover this
issue. Row-3 shows a 6.1% mAP drop when cross-view 3D fusion happens after all
within-view 2D layers instead of interleaving the within-view and cross-view fusion.
2D pre-trained weight initialization helps (table 3.9): initializing only the image
backbone with pre-trained weights, instead of all layers (except the 3D fusion layers),
results in a 5.5% mAP drop (row-2). Starting the entire model from scratch leads to
a larger drop of 6.3% mAP (row-3). This underscores the importance of sharing as

many parameters as possible with the 2D models to leverage the maximum possible
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2D pre-trained weights.

Stronger 2D backbones helps (table 3.10): using Swin-B over ResNet50 leads
to significant performance gains, suggesting that ODIN can directly benefit from
advancements in 2D computer vision.

Finetuning everything including the pre-trained parameters helps (ta-
ble 3.10): ResNet50’s and Swin’s performance increases substantially when we fine-
tune all parameters. Intuitively, unfreezing the backbone allows 2D layers to adapt
to cross-view fused features better. Thus, we keep our backbone unfrozen in all
experiments.

Supplying 2D features directly to 3D models does not help: Concatenating
2D features with XYZ+RGB as input to Mask3D yields 53.8% mAP performance,
comparable to 53.3% of the baseline model with only XYZ+RGB as input.

3.4.5 Additional Experiments

We show evaluations on the hidden test set of ScanNet and ScanNet200 in sec-
tion B.1.1, results and comparisons with baselines on S3DIS [8] and MatterPort3D
[24] datasets in section B.1.2 and performance gains in 2D perception with increasing

context views in section B.1.4.

3.4.6 Limitations

Our experiments reveal the following limitations for ODIN: Firstly, like other top-
performing 3D models, it depends on accurate depth and camera poses. Inaccurate
depth or camera poses cause a sharp decrease in performance (similar to other 3D
models, like Mask3D). In our future work, we aim to explore unifying depth and
camera pose estimation with semantic scene parsing, thus making 3D models more
resilient to noise. Secondly, in this work, we limited our scope to exploring the design
of a unified architecture without scaling up 3D learning by training on diverse 2D and
3D datasets jointly. We aim to explore this in future to achieve strong generalization
to in-the-wild scenarios, akin to the current foundational 2D perception systems.

Our results suggest a competition between 2D and 3D segmentation performance

"We do not use the expensive DB-SCAN post-processing of Mask3D, and hence it gets 53.3%
mAP instead of 55.2% as reported by their paper
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when training ODIN jointly on both modalities. Exploring ways to make 2D and 3D

training more synergistic is a promising avenue for future work.

3.5 Conclusion

We presented ODIN, a model for 2D and 3D instance segmentation that can parse 2D
images and 3D point clouds alike. ODIN represents both 2D images and 3D feature
clouds as a set of tokens that differ in their positional encodings which represent
2D pixel coordinates for 2D tokens and 3D XYZ coordinates for 3D tokens. Our
model alternates between within-image featurization and cross-view featurization. It
achieves SOTA performance in ScanNet200 and AI2THOR instance segmentation
benchmarks, outperforms all methods operating on sensor point clouds and achieves
competent performance to methods operating over mesh-sampled pointcloud. Our
experiments show that ODIN outperforms alternative models that simply augment
3D point cloud models with 2D image features as well as ablative versions of our
model that do not alternate between 2D and 3D information fusion, do not co-train
across 2D and 3D and do no pre-train the 2D backbone.
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Chapter 4

Analogy-Forming Transformers for
Few-Shot 3D Parsing

Ask not what it is, ask what it is
like.

Moshe Bar
While ODIN focused on unifying 3D and 2D architectures, here we take an orthog-

onal step; building again on top of successful Detection Transformer architectures, we
introduce memory prompting and conditioning for instance segmentation in 3D point
clouds. This enables fast in-context learners that can uncover 3D correspondences

without even being trained to do so.

4.1 Introduction

The dominant paradigm in existing deep visual learning is to train high-capacity
networks that map input observations to task-specific outputs. Despite their success
across a plethora of tasks, these models struggle to perform well in few-shot settings
where only a small set of examples are available for learning. Meta-learning approaches
provide one promising solution to this by enabling efficient task-specific adaptation

of generic models, but this specialization comes at the cost of poor performance on

This chapter is based on the paper previously published at ICLR 2023 [94]
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the original tasks as well as the need to adapt separate models for each novel task.

Input Point Modulating Output Input Point  Modulating Output
Cloud Memory  Segmentation Cloud Memory Segmentation
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Figure 4.1: Analogical Networks form analogies between retrieved memories
and the input scene by using memory part encodings as queries to localize corre-
sponding parts in the scene. Retrieved memories (2nd and 5th columns) modulate
segmentation of the input 3D point cloud (1st and 4th columns, respectively). We
indicate corresponding parts between the memory and the input scene with the same
color. Cross-object part correspondences emerge even without any part association
or semantic part labelling supervision (5th row). For example, the model learns to
correspond the parts of a clock and a TV set, without ever trained with such cross
scene part correspondence. Parts shown in black in columns 3 and 6 are decoded
from scene-agnostic queries and thus they are not in correspondence to any parts of
the memory scene. Conditioning the same input point cloud on memories with finer
or coarser labelling results in segmentation of analogous granularity (3rd row).
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We introduce Analogical Networks, a semi-parametric learning framework for
3D scene parsing that pursues analogy-driven prediction: instead of mapping the

input scene to part segments directly, the model reasons analogically and maps
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the input to modifications and compositions of past labelled visual experiences.
Analogical Networks encode domain knowledge explicitly in a collection of structured
labelled scene memories as well as implicitly, in model parameters. Given an input 3D
scene, the model retrieves relevant memories and uses them to modulate inference and
segment object parts in the input point cloud. During modulation, the input scene
and the retrieved memories are jointly encoded and contextualized via cross-attention
operations. The contextualized memory part features are then used to segment
analogous parts in the 3D input scene, binding the predicted part structure to the
one from memory, as shown in Figure 4.1. Given the same input scene, the output
prediction changes with varying conditioning memories. For example, conditioned
on visual memories of varying label granularity, the model segments the input in
a granularity analogous to the one of the retrieved memory. One-shot, few-shot or
many-shot learning are treated uniformly in Analogical Networks, by conditioning on
the appropriate set of memories. This is very beneficial over methods that specifically
target few-shot only scenarios, since, at test time, an agent usually cannot know

whether a scene is an example of many-shot or few-shot categories.

Analogical Networks learn to bind memory part features to input scene part
segments. Fine-grained part correspondence annotations across two 3D scenes are
not easily available. We devise a novel within-scene pre-training scheme to encourage
correspondence learning across scenes. We augment (rotate and deform) a given scene
in two distinct ways, and train the modulator to parse one of them given the other
as its modulating memory, bypassing the retrieval process. During this within-scene
training, we have access to the part correspondence between the memory and the
input scene, and we use it to supervise the query-to-part assignment process. We show
within-scene training helps our model learn to associate memory queries to similarly
labelled parts across scenes without ever using cross-scene part correspondence

annotations, as shown in Figure 4.1.

We test our model on the PartNet benchmark of Mo et al. [243] for 3D object
segmentation. We compare against state-of-the-art (SOTA) 3D object segmentors, as
well as meta-learning and few-shot learning [319] baselines adapted for the task of 3D
parsing. Our experiments show that Analogical Networks perform similarly to the
parametric alone baselines in the standard many-shot train-test split and particularly

shine over the parametric baselines in the few-shot setting: Analogical Networks
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segment novel instances much better than parametric existing models, simply by
expanding the memory repository with encodings of a few exemplars, even without
any weight updates. We further compare against variants of our model that consider
memory retrieval and attention without memory query binding, and thus lack explicit
analogy formation, as well as other ablative versions of our model to quantify the
contribution of the retriever and the proposed within-scene memory-augmented
pre-training. Our code and models are publicly available in the project webpage:

http://analogicalnets.github.io/.

4.2 Related work

Few-shot prediction: meta-learning and learning associations A key goal for
our approach is to enable accurate inference in few-shot settings. Previous approaches
(11, 78, 214, 230, 251, 295, 319, 333, 352, 353, 375] that target similar settings can be
broadly categorized as relying on either meta-learning or learning better associations.
Meta-learning approaches tackle few-shot prediction by learning a generic model that
can be efficiently adapted to a new task of interest from a few labelled examples.
While broadly applicable, these methods result in catastrophic forgetting of the
original task during adaptation and thus require training a new model for each task of
interest. Moreover, the goal of learning generic and rapidly adaptable models can lead
to suboptimal performance over the base tasks with abundant data. An alternative
approach for the few-shot setting is to learn better associations. For example, the
category of a new example may be inferred by transferring the label(s) from the one
(or few) closest samples [319, 329]. While this approach obviates the need for adapting
models and can allow prediction in few-shot and many-shot settings, the current
approaches are only applicable to global prediction, e.g., image labels. Our work
can be viewed as extending such association-based methods to allow predicting fine-
grained and generic visual structures using our proposed modulation-based prediction
mechanism.
Memory-augmented neural networks Analogical Networks is a type of memory-

augmented neural networks. Memory-augmentation of parametric models permits
fast learning with few examples, where data are saved in and can be accessed from

the memory immediately after their acquisition [300], while learning via parameter
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update is slow and requires multiple gradient iterations on de-correlated examples.
External memories have recently been used to scale up language models [17, 167],
and alleviate from the limited context window of parametric transformers [361], as
well as to store knowledge in the form of entity mentions [53], knowledge graphs [52]
and question-answer pairs [30]. Memory attention layers in these models are used to
influence the computation of transformer layers and have proven very successful for
factual question answering, but also for sentence completion over their parametric

counterparts.

In-context learning In-context learning (ICL) [22] aims to induce a model to
perform a task by feeding in input-output examples along with an unlabeled query
example. The primary advantage of in-context learning is that it enables a single
model to perform many tasks immediately without fine-tuning. Analogical Networks
are in-context learners in that they infer the part segmentation of an object 3D point
cloud in the context of retrieved labelled object 3D point clouds. While in language
models ICL emerges at test time while training unsupervised (and out-of-context)
for language completion, Analogical Networks are trained in-context with related
examples using supervision and self-supervision. Although in prompted language
models [22, 127] the input-output pairs are currently primarily decided by the engineer,

in Analogical Networks they are automatically inferred by the retriever.

4.3 Analogical Networks for 3D object parsing

The architecture of Analogical Networks is illustrated in Figure 4.2. Analogical Networks
are analogy-forming transformer networks for part segmentation where queries that
decode entities in the input scene are supplied by retrieved part-encoded labelled
scenes, as well as by the standard set of scene-agnostic parametric queries of detection
transformers [23]. When a memory part query is used to decode a part segmentation
in the input scene, we say the two parts, in the memory and the input, are put into
correspondence. By using memory queries to decode parts in the input, our model
forms analogies between detected part graphs in the input scene and part graphs
in the modulating memories. Then, metadata, such as semantic labels, attached on

memory queries automatically propagate to the detected parts.
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Figure 4.2: Architecture for Analogical Networks. Analogical Networks are
comprised of retriever and modulator sub-networks. In the retriever, labelled memories
and the (unlabelled) input point cloud are separately encoded into feature embeddings
and the top-k£ most similar memories to the present input are retrieved. In the
modulator, each retrieved memory is encoded into a set of part feature embeddings
and initializes a query that is akin to a slot to be “filled” with the analogous part entity
in the present scene. These queries are appended to a set of learnable parametric
scene-agnostic queries. The modulator contextualizes the queries with the input point
cloud through iterative self and cross-attention operations that also update the point
features of the input. When a memory part query decodes a part in the input point
cloud, we say the two parts are put into correspondence by the model. We color them
with the same color to visually indicate this correspondence.

Analogical Networks are comprised of two main modules: (i) A retriever, that
takes as input a 3D object point cloud and a memory repository of labelled 3D object
point clouds, and outputs a set of relevant memories for the scene at hand, and (ii) a
modulator, that jointly encodes the memories and the input scene and predicts its

3D part segmentation.

Retriever The retriever has access to a memory repository of labelled 3D object
point clouds. Each labelled training example is a memory in this repository. Examples
labelled with different label granularities constitute separate memories. The retriever
encodes each memory example as well as the input point cloud into distinct normalized
1D feature encodings. The top-k memories are retrieved by computing an inner

product between the input point cloud feature and the memory features.

Modulator The modulator takes as input the retrieved memories and the unlabelled

input point cloud and predicts part segments. The input scene is encoded into a
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set of 3D point features. Each memory scene is encoded into a set of 1D part
encodings, one for each annotated part in the memory, which we call memory part
queries, in accordance to parametric queries used to decode objects in DETR [23].
We additionally use scene-agnostic parametric queries, which are learnable slots that
decode parts the memory cannot explain on its own. The input points, memory
part queries and scene-agnostic queries are contextualized via a set of cross and self-
attention operations, that iteratively update all queries and point features. Each of the
contextualized queries predicts a segmentation mask proposal through inner-product
with the contextualized point features, as well as an associated confidence score for
the predicted part. These part segmentation proposals are matched to ground-truth
part binary masks using Hungarian matching [23]. For the mask proposals that
are matched to a ground-truth mask, we compute the segmentation loss, which is a
per-point binary cross-entropy loss [35, 345]. We also supervise the confidence score
of all queries. For implementation details, please see the Appendix, Section C.1.
Our modulator network resembles detection and segmentation transformers for
2D images [23, 34] where a set of learnable 1D vectors, termed parametric queries,
iteratively cross-attend to input image features and self-attend among themselves to
predict object segmentation masks in the input scene. The key difference between our
modulator network and existing detection transformers are that retrieved memory
entity encodings are used as queries, i.e., candidates for decoding parts in the
input point cloud, alongside the standard set of scene-agnostic parametric queries, as
shown in Figure 4.2. Additional differences are that we update the point features

alongside the queries in the cross-attention layers, which we found helped performance.

4.3.1 Training

Analogical Networks aim to learn to associate parts in the retrieved memory graphs

with parts in the input point cloud. We train our model in two stages to facilitate
this fine-grained association learning:

1. Within-scene training: We apply two distinct augmen-

Passous tations (rotations and deformations [170]) to each training scene,

and use one as the input scene and the other as the modulating

Input 4 memory, as shown in Figure 4.3. In this case, we have access
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to ground-truth part associations between the parts of
the memory and the input scene, which we use to supervise
each memory part query to decode the corresponding part in the
input cloud, and we do not use Hungarian matching. We call this
within-scene training since both the input and memory come from
the same scene instance.

2. Cross-scene training: During cross-scene training, the
modulating memories are sampled from the top-K retrieved mem-
ories per input scene. We show in our experimental section that

accurate memory query to input part associations emerge during Hungarian
matching in cross-scene training, thanks to within-scene training. This is important,
as often we cannot have fine-grained annotations of structure correspondence across
scene exemplars.

In Analogical Networks, the retrieval process is not end-to-end differentiable with
respect to the downstream scene parsing task. This is because i) we have no ground-
truth annotations for retrieval, and ii) the retrieved memories are contextualized with
the input through dense cross-attention operations which do not allow gradients to
flow to the retriever’s encoding parameters. We pre-train the encoder and modulator
parameters independently of the retriever using within-scene training. We then use
the modulator’s encoder weights as the retriever’s frozen encoder (adding a parameter-
free average pooling layer on top). In the Appendix, we include pseudo-code for

within-scene training in Algorithm 1 and cross-scene training in Algorithm 2.

4.4 Experiments

We test Analogical Networks on PartNet [243], an established benchmark for 3D
object segmentation. PartNet contains 3D object instances from multiple object
categories, annotated with parts in three different levels of granularity. We split
PartNet object categories into base and novel categories. Our base categories are Chair,
Display, Storage Furniture, Bottle, Clock, Door, Earphone, Faucet, Knife, Lamp,
Trash Can, Vase and our novel categories are Table, Bed, Dishwasher and Refrigerator.
We consider two experimental paradigms: 1. Many-shot: For the exemplars of the

base categories we consider the standard PartNet train/test splits. Our model and
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baselines are trained in the base category training sets, and tested on segmenting
instances of the base categories in the test set. 2. Few-shot: K labelled examples
from each novel category are given and the model is tasked to segment new examples
of these categories. This tests few-shot adaptation. We consider K =1 and K = 5.
We aggregate results across multiple K-shot learning tasks (episodes). We test two
versions of our model: i) AnalogicalNets single-mem, which is Analogical Networks
with a single modulating memory, and ii) AnalogicalNets multi-mem, with five
modulating memories. Unless mentioned explicitly, Analogical Networks will imply
the single-memory model.

Our experiments aim to answer the following questions:

1. How do Analogical Networks compare against parametric-alone state-of-the-art

models in many-shot and few-shot 3D object segmentation?

2. How well do Analogical Networks adapt few-shot via memory expansion, with-

out any weight update?

3. How do Analogical Networks compare against alternative memory-augmented
networks where retrieved memory part encodings are attended to but not used

as slots for decoding parts?

4. How well do Analogical Networks learn part-based associations across scenes

without part association ground-truth or semantic label supervision?

Evaluation metrics We use the Adjusted Random Index (ARI) as our label-
agnostic segmentation quality metric [281], which is a clustering score ranging from
—1 (worst) to 1 (best). ARI calculates the similarity between two point clusterings
while being invariant to the order of the cluster centers. We compute 100x ARI
using the publicly available implementation of [155]. We use mean Average Precision
(mAP) per part [243] for semantic part instance segmentation and mean intersection

over union (mloU) for 3D point semantic segmentation.

Baselines We compare our model to existing models in the literature. We further
compare against strong parametric baseline models we develop. Our parametric
baselines already outperform all existing works in the many-shot settings. We

consider the following baseline models:

49



4. Analogy-Forming Transformers for Few-Shot 3D Parsing

e PartNet of [243] is a 3D segmentation network with the same backbone as our
model. This model implements “queries” as a fixed number of sets of MLPs
that operate over the encoded input point cloud. Each set contains one MLP
for per-pixel confidence and one for part confidence. The same losses used by

our model are used to supervise this baseline.

e DETR3D is a 3D segmentation transformer network with the same backbone as
our model and similar segmentation prediction heads and losses, but without
any memory retrieval, akin to the 3D equivalent of a state-of-the-art 2D image
segmentor [9, 23]. We update the point features in the decoder layers, same
as in our model, which we found to boost performance. Contrary to DETR3D,

Analogical Networks attend to external memories.

® PrototypicallNets is an adaptation of the episodic prototypical networks
for image classification of [319] to the task of 3D object part segmentation.
Specifically, given a set of N labelled point clouds, we form average feature
vectors for each semantic labelled part and use them as queries to segment
points into corresponding part masks through inner-product decoding. Contrary
to PrototypicalNets, Analogical Networks contextualize the memory queries
and the input scene. PrototypicallNets require a retriever that knows the
category label of the input scene, so it has access to privileged information.

Without this assumption, we got very low performance from this model.

Ablations We compare our model to the following variants and ablative versions:
® Re-DETR3D (Retrieval-DETR3D) is a variant of Analogical Networks that at-
tends to retrieved part memory encodings but does not use them to decode
parts. Instead, all parts are decoded from the scene-agnostic queries. Different

from Analogical Networks, analogies cannot emerge between a memory and the
input scene since this model does not represent such correspondence explicitly,

but only implicitly, in the attention operations.

® AnalogicalNets w/o within-sceneisour AnalogicalNets single-mem model

without any within-scene (pre)training.

® AnalogicalNets OrclCategoryRetrvis our AnalogicalNets single-mem model

with a privileged retriever that has access to the ground-truth category label of
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. Novel Categories ‘ Base Categories
/ _ ?
Method Fine-tuned? 4 ¢ ARI (1) 5-shot ARI (1) Many shot ARI (1)
Partlet X 26.1 26.1 54.3
artie v 22.0 + 0.90 25.9 +0.87 -
X 30.4 30.4 74.3
DETR3D v 39.44+1.44 52.74+1.44 -
X 38.2+1.79 46.8 + 0.66 74.3
Re-DETR3D v 4654261  55.6+1.82 -
Analogicalliets single-me X 49.0 + 0.80 52.0+1.11 72.5
natogl ingtemmem v 50.6 £2.72  57.0+1.33 -
. . X - 52.1 £0.75 74.2
AnalogicalNets multi-mem v ) 56.4 + 1.81 )
. X 51.2 4+ 0.96 53.8 4+ 1.03 75.6
AnalogicalNets OrclCategoryRetrv v 596 + 2.96 58.3 +1.36 )

Table 4.1: Semantics-free 3D part segmentation performance on the PartNet
benchmark. Without any fine-tuning, Analogical Networks outperform DETR3D by
more than 20% in the few-shot setup. Even upon fine-tuning, Analogical Networks
outperform DETR3D by 4.3% ARI.

the input and only retrieves memories of the same category label.

4.4.1 Many and few-shot 3D object segmentation

The PartNet benchmark provides three levels of segmentation annotations per object
instance where level 3 is the most fine-grained. We train and test our model and
baselines on all three levels. We use a learnable level embedding as additional input for
our baselines PartNet and DETR3D, as is usually the case in multi-task models. In the
many-shot setting, we train our model and baselines jointly across all base categories
and test them across all of them as well, using the standard PartNet train/test splits.
For Analogical Networks and Re-DETR3D, all examples in the training set become
part of their memory repository. In the few-shot setting, PartNet and DETR3D adapt
by weight finetuning on the K-shot task. Analogical Networks and Re-DETR3D adapt
in two ways: i) by expanding the memory of the model with the novel K-shot support
examples, and ii) by further adapting the weights via fine-tuning to segment the K
examples. In this case, the memory set is only the novel labelled support set instances.
The retriever does not have access to the object category information in

any of the many-shot or few-shot settings unless explicitly stated so.

o1



4. Analogy-Forming Transformers for Few-Shot 3D Parsing

Semantics-free part instance segmentation

We train all models and baselines for object part segmentation objectives, without any
semantic label information, as described in Section 4.3. We show quantitative many-
shot and few-shot part segmentation results in Table 4.1. For the few-shot setting, we
show both fine-tuned and non-fine-tuned models. For the few-shot performance, we
report mean and standard deviation over 10 tasks where we vary the K-shot support
set. Our conclusions are as follows:

(i) Analogical Networks dramatically outperform DETR3D in few-shot part seg-
mentation. While in the many-shot setting the two models have similar performance,
when adapting few-shot to novel categories, Analogical Networks and all their variants
dramatically outperform parametric alone DETR3D, both before and after fine-tuning.

(ii) Analogical networks can adapt few-shot simply by memory expansion, without
weight updates. Indeed, the 5-shot performance of our model is close before and after
fine-tuning in the novel categories (52.0% versus 57.0% ARI).

(iii) AnalogicalNets multi-mem outperform the single-memory version in many-
shot learning with on par few-shot performance.

(iv) Re-DETR3D adapt few-shot better than DETR3D. Still, before weight fine-tuning
in the few-shot test set, this memory-augmented variant exhibits worse performance
than our single-memory model (46.8% versus 52.0% ARI).

(v) A retriever that better recognizes object categories would provide a perfor-

mance boost, especially in the many-shot setting.

Emergent cross-scene correspondence

Analogical Networks can label the parts they segment with semantic categories by
propagating semantic labels of the memory parts that were used to decode the in-
put parts. We measure semantic instance segmentation performance for our model
and baselines in Table 4.2. All variants of Analogical Networks are trained with-
out any semantic labelling objectives. ~ On the contrary, we train the baselines
DETR3D and PrototypicalNets for both object part segmentation and part labelling.
Analogical Networks predict semantic part labels only via propagation from memory
part queries that decode parts in the scene, and does not produce any semantic labels

for parts decoded by scene-agnostic queries, so by default it will make a mistake each
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Novel Categories Novel Categories Base Categories
Method 1-shot 5-shot Many-shot
mloU mAP mloU mAP mloU  mAP
DETR3D* 21.5 18.3 30.6 27.5 55.9 53.6
AnalogicalNets single-mem w/o within-scene 5.0 3.3 4.7 3.9 7.8 6.2
AnalogicalNets single-mem 20.4 18.2 26.0 25.0 44.3 42.0
AnalogicalNets multi-mem - - 27.8 25.8 49.2 47.9
PrototypicalNets* 27.5 - 29.0 - 30.0 -
AnalogicalNets OrclCategoryRetrv 26.2 25.2 30.2 30.2 50.6 48.7

Table 4.2: Part Semantic and Part Instance Segmentation performance on
the PartNet benchmark. * indicates training with semantic labels.

time a parametric query is used. We found more than 80% of parts are decoded by
memory part queries on average, while for AnalogicalNets multi-mem this ratio
is 98%. For the few-shot settings in Table 4.2, all models are fine-tuned on the
few given examples. Similar to our model, PrototypicallNets propagate semantic
labels of the prototypical part features. We evaluate PrototypicalNets only for
semantic segmentation since it cannot easily produce instance segments: if multiple
part instances share the same semantic label, this model assumes they belong to the
same semantic prototype. Our conclusions are as follows:

(1) Analogical Networks show very competitive semantic and instance segmenta-
tion accuracy via label propagation through memory part queries, despite having never
seen semantic labels at training time. This shows our model learns cross-scene
part associations without any semantic information.

(ii) AnalogicalNets single-mem w/o within-scene has much worse semantic
segmentation performance which suggests within-scene training much helps
cross-scene associations to emerge without semantic information.

(iii) PrototypicalNets achieves high 1-shot performance but does not scale with
more data and is unable to handle both few-shot and many-shot settings efficiently.

(iv) A retriever that better recognizes object categories boosts performance of

Analogical Networks over DETR3D in the few-shot settings.

Multi-category training helps few-shot adaptation in Analogical Networks

We compare our model and baselines on their ability to improve few-shot learning

performance with more diverse training data in Table 4.3. We train each model under
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ey s
DETR3D trained on “Chair” 5 47.72152.31 753-0
PETRID -); 52.73141.44 75-.7
Analogical Networks trained on “Chair” 5 g’gi i ?23 76_'5
Analogical Networks ‘); gig i 1;):1)) 753-3

Table 4.3: Few-shot learning for single-category and multi-category trained
models. Analogical Networks learn better few-shot when trained across all categories,
while DETR3D does not improve its few shot learning performance when trained across
more categories.

two setups: i) training only on instances of “Chair”, which is the most common
category—approximately 40% of our training examples fall into this category—(refer
to Table C.2 for statistics of the training data distribution) and, ii) training on
“all” categories. We test the performance of each model on 5-shot learning. Our
conclusions are as follows: (i) Models trained on a single category usually fail
to few-shot generalize to other classes with or w/o fine-tuning, despite their
strong performance on the training class. (ii) DETR3D does not improve in its ability to
adapt few-shot with more diverse training data, in contrast to Analogical Networks.

In the Appendix, we show the effect of different retrieval mechanisms (C.2, C.3)

and qualitative results on more benchmarks (C.4).

4.4.2 Limitations - Discussion

A set of future directions that are necessary for Analogical Networks to scale be-
yond segmentation of single-object scenes are the following: (i) The retriever in
Analogical Networks operates currently over whole object memories and is not end-
to-end differentiable with respect to the downstream task. Sub-object part-centric
memory representations would permit fine-grained retrieval of visual memory scenes.
We further plan to explore alternative supervision for the retriever module inspired by
works in the language domain [130, 131]. (ii) Scaling Analogical Networks to segmen-
tation of complete, multi-object 3D scenes in realistic home environments requires

scaling up the size of memory collection. It would further necessitate bootstrapping

o4



4. Analogy-Forming Transformers for Few-Shot 3D Parsing

fine-grained object part annotations, missing from 3D scene datasets [48], by trans-
ferring knowledge of object part compositions from PartNet. Such semi-supervised
fine-grained scene parsing is an exciting avenue of future work. (iii) So far we have
assumed the input to Analogical Networks to be a complete 3D point cloud. However,
this is hardly ever the case in reality. Humans and machines need to make sense of
single-view, incomplete and noisy observations. Extending Analogical Networks with
generative heads that not only detect analogous parts in the input, but also inpaint

or complete missing parts, is a direct avenue for future work.

4.5 Conclusion

We presented Analogical Networks, a semi-parametric model for associative 3D visual
parsing that puts forward an analogical paradigm of corresponding input scenes to
compositions and modifications of memory scenes and their labelled parts, instead of
mapping scenes to segments directly. One-shot, few-shot or many-shot learning are
treated uniformly in Analogical Networks, by conditioning to the appropriate set of
memories, whether taken from a single, few or many memory exemplars, and inferring
analogous parses. We showed Analogical Networks outperform SOTA parametric
and meta-learning baselines in few-shot 3D object parsing. We further showed
correspondences emerge across scenes without semantic supervision, as a by-product
of the analogical inductive bias and our within-scene augmentation training. In his
seminal work “the proactive brain” [12], Moshe Bar argues for the importance of
analogies and associations in human reasoning—highlighting how associations of
novel inputs to analogous representations in memory can drive perceptual inference.
Analogical Networks operationalize these insights in a retrieval-augmented 3D parsing
framework, with analogy formation between retrieved memory graphs and input scene

segmentations.
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Chapter 5

Energy-based Models are Zero-Shot
Planners for Compositional Scene

Rearrangement

In our first work in manipulation, we employ a factorized policy scheme that detects
objects, forms an abstract representation, imagines a goal configuration and then
executes. At the heart of this formulation lies our first generative model formulation,
energy-based models for goal imagination. Energy-based models have general proper-
ties, such as joint optimization of multiple costs, that we will incorporate into our

future chapters.

5.1 Introduction

We consider the scene arrangement task shown in Figure 5.1. Given a visual scene
and an instruction regarding object spatial relations, the robot is tasked to rearrange
the objects to their instructed configuration. Our focus is on strong generalization to
longer instructions with novel predicate compositions, as well as to scene arrangements
that involve novel objects and backgrounds.

We propose generating goal scene configurations corresponding to language instruc-

This chapter is based on the paper previously published at RSS 2023 [93]
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Initial Energy Minimization End
Conflguratlon t=5 t=10 t=50 Configuration

, left of the avocado and right of the

. Move the avocado in front of the

Place the in front of the strawberry and rlght of the . Put the apple
behind the and left of the avocado. Put the avocado inside the .

Figure 5.1: Energy-based Models are Zero-Shot Planners for Compositional
Scene Rearrangement. We represent language concepts with energy functions over
object locations and sizes. Gradient descent on the sum of energy functions, one per
predicate in the instruction, iteratively updates the object spatial coordinates and
generates a goal scene configuration that satisfies the instruction, if one exists.

tions by minimizing a composition of energy functions over object spatial locations,
where each energy function corresponds to a language concept (predicate) in the
instruction. We represent each language concept as an n-ary energy function over
relative object poses and other static attributes, such as object size. We train these
predicate energy functions to optimize object poses starting from randomly sampled
object arrangements through Langevin dynamics minimization [70], using a handful
of examples of visual scenes paired with single predicate captions. Energy functions
can be binary for two-object concepts such as left of and in front of, or multi-ary
for concepts that describe arrangements for sets of objects, such as line or circle.
We show that gradient descent on the sum of predicate energy functions, each one
involving different subsets of objects, generates a configuration that jointly satisfies
all predicates, if this configuration exists, as shown in Figure 5.1.

We propose a robot learning framework that harnesses minimization of compo-
sitions of energy functions to generate instruction-compatible object configurations

for robot scene rearrangement. A neural semantic parser is trained to map the input
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instruction to a set of predicates and corresponding energy functions, and the open-
vocabulary visual-language grounding model proposed in Chapter 2 [135] grounds
their arguments to objects in the scene, as shown in Figure 5.2. Gradient descent
on the sum of energies with respect to the objects’ spatial coordinates computes
the final object locations that best satisfy the set of spatial constraints expressed
in the instruction. Given the predicted object goal locations, we use vision-based
pick-and-place policies that condition on the visual patch around the predicted pick
and place locations to rearrange the objects [394]. We call our framework Scene
Rearrangement via Energy Minimization (SREM).

We test SREM in scene rearrangement of tabletop environments on simulation
benchmarks of previous works [311], as well as on new benchmarks we contribute
that involve compositional instructions. We curate multiple train and test splits to
test out-of-distribution generalization with respect to (i) longer instructions with
more predicates, (ii) novel objects and (iii) novel background colors. We show SREM
generalizes zero-shot to complex predicate compositions, such as “put all red blocks
in a circle in the plate” while trained from single predicate examples, such
as “an apple inside the plate” and “a circle of blocks”. We show SREM generalizes
to real-world scene rearrangement without any fine-tuning, thanks to the object
abstractions it operates on. We compare our model against state-of-the-art language-
to-action policies [311] as well as Large Language Model planners [127] and show it
dramatically outperforms both, especially for long complicated instructions. We ablate
each component of our model and evaluate contributions of perception, semantic
parsing, goal generation and low-level policy modules to performance.

In summary, our contributions are: (i) A novel energy-based object-centric
planning framework for zero-shot compositional language-conditioned goal scene
generation. (ii) A modular system for instruction-guided robot scene rearrangement
that uses semantic parsers, vision-language grounding models, energy-based models
for scene generation, and vision-based policies for object manipulation. (iii) A new
instruction-guided scene rearrangement benchmark in simulation with compositional
language instructions. (iv) Comparisons against state-of-the-art language-to-action
policies and LLM planners, and extensive ablations.

Simulation and real-world robot execution videos, as well as our code are publicly

available on our website: https://ebmplanner.github.io.
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5.2 Related Work

Following instructions for rearranging scenes: Language is a natural means of

communicating goals and can easily describe compositions of actions and arrangements

[6, 42, 43], providing more versatile goal descriptions compared to supplying one or

more goal images. The latter requires the task to be executed beforehand, which
defeats the purpose of instruction [248, 268, 304, 358]. We group methods in the

literature in the following broad categories:

60

e End-to-end language to action policies [207, 225, 311, 323] map instructions

to actions or to object locations directly. We have found that these reactive
policies, despite impressively effective within the training distribution, typically
do not generalize to longer instructions, new object classes and attributes or
novel backgrounds [207, 311].

Symbolic planners such as PDDL (Planning Domain Definition Language)
planners [156, 227, 238, 334] use predefined symbolic rules and known dynamics
models, and infer discrete task plans given an instruction with lookahead logic
search [88, 156, 156, 227, 238, 334]. Symbolic planners assume that each state
of the world, scene goal and intermediate subgoal can be sufficiently represented
in a logical form, using language predicates that describe object spatial relations.
These methods predominantly rely on manually-specified symbolic transition

rules, planning domains and grounding, which limits their applicability.

Large language models (LLMs) map instructions to language subgoals [126, 127,
369, 414] or program policies [188] with appropriate plan-like prompts. The
predicted subgoals interface with low-level short-term policies or skill controllers.
LLMs trained from Internet-scale text have shown impressive zero-shot reasoning
capabilities for a variety of downstream language tasks [22] when prompted
appropriately, without any weight fine-tuning [202, 356]. The scene description
is usually provided in a symbolic form as a list of objects present, predicted by
open-vocabulary detectors [157]. Recent works of [188, 190] have also fed as
input overhead pixel coordinates of objects to inform the LLM’s predictions.
The prompts for these methods need to be engineered per family of tasks. It is

yet to be shown how the composition of spatial concept functions can emerge
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in this way.

Language-conditioned scene generation: A large body of work has explored
scene generation conditioned on text descriptions [153, 231, 279, 298, 386]. The
work of [159] leverages web-scale pre-trained models [113, 276, 280] to generate
segmentation masks for each object in the generated goal image. Given an input
image, their method generates a text prompt using a captioning model and feeds
it to a generative model that outputs a goal image, which is then further parsed
into segmentation masks. However, the prompt is limited to contain only names of
objects and there is no explicit language-guided spatial reasoning. In this work, we
seek to make scene generation useful as goal imagination for robotic spatial reasoning
and instruction following. Instead of generating pixel-accurate images, we generate
object configurations by abstracting the appearance of object entities. We show this
abstraction suffices for a great number of diverse scene rearrangement tasks.

Energy-based models: Our work builds upon existing work on energy-based
models (EBMs) [67, 68, 70, 99, 201, 244]. Most similar to our work is that of [244],
which generates and detects spatial concepts with EBMs on images with dots, and
[68, 201], which demonstrates composability of image-centric EBMs for generating
face images and images from CLEVR dataset [152]. In this work, we demonstrate
zero-shot composability of EBMs over object poses instead of images, and showcase
their applicability on spatial reasoning and instruction following for robotic scene

rearrangement.

5.3 Method

The architecture of SREM is shown in Figure 5.2. The model takes as input an
RGB-D image of the scene and a language instruction. A semantic parser maps the
instruction to a set of spatial predicate energy functions and corresponding referential
expressions for their object arguments. An open-vocabulary visual detector grounds
the arguments of each energy function to actual objects in the scene. The goal object
locations are predicted via gradient descent on the sum of energy functions. Lastly,
short-term vision-based pick-and-place policies move the objects to their inferred goal
locations. Below, we describe each component in detail.

A library of energy-based models for spatial concepts In our work, a
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| Configuration
] . . [ Visual Language Grounding Goal Generation End Configuration

| PP YT
Language Instruction N Energy Minimization Steps |
fruit_boxes = VLMGround(image, “fruits”)| : || E] E {
Rearrange all the plate_box = VLMGround(image, “plate”) E % D E DDD
< in a Parsing MultiAryEBM(circle, fruit_boxes) AND | : D I:] 0O
sl Wi i BinaryEBM(in, fruit_boxes, plate_box) E D I:]

Figure 5.2: Scene rearrangement through energy minimization. Given an
image and a language instruction, a semantic parser maps the language into a set
of energy functions (BinaryEBM, MultiAryEBM), one for each spatial predicate in the
instruction, and calls to an open-vocabulary visual language grounder (VLMGround)
to localize the object arguments of each energy function mentioned in the instruction,
here “fruits” and “plate”. Gradient descent on the sum of energy functions with
respect to object spatial coordinates generates the goal scene configuration. Vision-
based neural policies condition on the predicted pick and place visual image crops
and predict accurate pick and place locations to manipulate the objects.

spatial predicate is represented by an energy-based model (EBM) that takes as input
x the set of objects that participate in the spatial predicate and maps them to a
scalar energy value Ey(z). An EBM defines a distribution over configurations x that
satisfy its concept through the Boltzmann distribution pg(z) oc e #¢(®). Low-energy
configurations imply satisfaction of the language concept and have high probability.
An example of the spatial concept can be generated by optimizing for a low-energy
configuration through gradient descent on (part of) the input z. We represent each
object entity by its 2D overhead centroid coordinates and box size. During gradient
descent, we only update the center coordinates and leave box sizes fixed. We consider
both binary spatial concepts (in, left of, right of, in front of, behind) as well as

multi-ary spatial concepts (circle, line).

Using an EBM, we can sample configurations from pg, by starting from an initial

configuration z° and refining it using Langevin Dynamics [357):
oH = b AV, By (%) + €F2F, (5.1)
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¥ is random noise, \ is an update rate hyperparameter and €* is a time-

where z
dependent hyperparameter that monotonically decreases as k increases. The role
of z¥ and decreasing €* is to induce noise in optimization and promote exploration,
similar to Simulated Annealing [173]. After K iterations, we obtain = = z%. During
training, we iterate over Equation 5.1 K = 30 times, using A = 1 and ¢, = 5e — 3.
During inference, we find that iterating for more, e.g. K = 50 often leads to better

solution. In this case we also linearly decay €, to 0 for k£ > 30.

We learn the parameters 6 of our EBM using a contrastive divergence loss that
penalizes energies of examples sampled by the model being lower than energies of

ground-truth configuration:
L=FEpimp,Eo(a™) — Ep- o, Eg(z7), (5.2)

where ™ a sample from the data distribution pp and = a sample drawn from the
learned distribution py. We additionally use the KL-loss and the L2 regularization
proposed in [70] for stable training. At test time, compositions of concepts can be
created by simply summing energies of individual constituent concept, as shown in
Figures 5.1 and 5.2.

We implement two sets of EBMs, a BinaryEBM and a MultiAryEBM for bi-
nary (e.g., left of ) and multi-ary (e.g., circle) language concepts, respectively. The
BinaryEBM expects two object arguments, each represented by its bounding box.
We convert the object bounding box to (top-left corner, bottom-right corner) rep-
resentation. Then we compute the difference between all corners of the two object
arguments and concatenate and feed to a multi-layer perceptron (MLP) that outputs
a scalar energy value. Note that the energy function only depends on the relative
arrangement of the two objects, not their absolute locations. The MultiAryEBM is
used for order-invariant concepts of multiple entities, such as shapes. The input is a
set of objects, each represented as a point (box center). We subtract the centroid
of the configuration from each point and then featurize each object using an MLP.
We feed this set of object features to a sequence of four attention layers [342] for
contextualization. The refined features are averaged into an 1D vector which is
then mapped to a scalar energy using an MLP. We train a separate EBM for each

language concept in our vocabulary using corresponding annotated scenes in given
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demonstrations. Note that annotated scenes suffice to train the energy functions,
kinesthetic demonstrations are not necessary, and in practice each EBM can be

trained within a few minutes.

Semantic parsing of instructions into spatial concepts and their arguments.
Our parser maps language instructions to instantiations of energy-based models and
their arguments. It is a Sequence-to-Tree model [63] with a copying mechanism [101]
which allows it to handle a larger vocabulary than the one seen during training. The
input to the model is a natural language instruction and the output is a tree. Each
tree node is an operation. The three operations supported are i) BinaryEBM which
calls a BinaryEBM from our library, ii) MultiAryEBM and iii) VLMGround which calls
the visual-language grounding module. Each node has a pointer to the arguments
of the operation, language concepts for EBM calls, e.g., behind, and noun phrases
for grounding model calls, e.g., “the green cube”. Nodes in the parsing tree may also
have children nodes, which imply nested execution of the corresponding operations.
The input utterance is encoded using a pre-trained RoBERTa encoder [212], giving
a sequence of contextualized word embeddings and a global representation of the
full utterance. Then, a decoder is iteratively employed to i) decode an operation, ii)
condition on this operation to decode or copy the arguments for this operation, iii)
add one (or more) children node(s). For example, the instruction “a circle of cubes
inside the plate” is mapped to a sum of energy functions where each object of the

multi-ary concept circle participates in the constraining binary concept in:

Ettal —  MultiAryEBM(circle, VLMGround( “cubes”))
+ >, BinaryEBM(in, x;, VLMGround( “plate”)), (5.3)
x; € VLMGround(“cubes”).

We train our semantic parser on the instructions of all training demonstrations of all
tasks jointly, as well as on synthesized instructions paired with programs, each with
1-7 predicates, that we generate by sampling from a grammar, similar to previous
works [233, 354].

We ground noun phrases predicted by our parser with an off-the-shelf language
grounding model [135], which operates as an open-vocabulary detector. The input is

the noun phrase, e.g., “the blue cube” and the image, while the output is the boxes
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of all object instances that match the noun phrase. The open-vocabulary detector
has been pre-trained for object detection and referential grounding on MS COCO
[193], Flickr30k [265] and Visual Genome [175]. We finetune the publicly available
code of [135] on our training data of all tasks jointly.

Short-term vision-based manipulation skills We use short-term manipulation
policies built upon Transporter Networks [394] to move the obejcts to their predicted
locations. Transporter Networks take as input one or more RGB-D images, reproject
them to the overhead birds-eye-view, and predict two robot gripper poses: i) a pick
pose and ii) a pick-conditioned placement pose. These networks can model any
behaviour that can be effectively represented as two consecutive poses for the robot
gripper, such as pushing, sweeping, rearranging ropes, folding, and so on — for more
details please refer to [394].

We modify Transporter Networks to take as input a small image RGB-D patch,
instead of a complete image view. Specifically, we consider as input the image patches
around the object pick and object goal locations predicted by our visual grounding and
energy-based minimization modules respectively. In this way, the low-level policies
know roughly what to pick and where to place it, and only locally optimize over
the best pick location, as well as the gripper’s relative rotation, within an object of
interest, or placement location, at a particular part of the scene, respectively. We
show in our ablations (Table 5.7) that using learning-based pick-and-place policies
helps performance, even if the search space is limited thanks to grounding and goal
imagination. We train Transporter Networks from scratch on all our pick-and-place
demonstration datasets jointly.

Termination of execution: SREM generates a goal scene by optimizing the rela-
tive poses of the objects mentioned in the instruction. We estimate how many objects
should be moved by comparing the detected bounding box (by the language grounding
model) and the optimized bounding box (by the EBM). For non-compositional tasks
that involve binary concepts, we inject the prior that one object is fixed. Then we
take as many actions as the number of objects the EBM moved.

Closed-loop execution: SREM first generates a goal scene from the input
instruction and then executes it. After execution, we re-detect all relevant objects
using our VLM-grounder module to check if they are close to their predicted goal
locations. If the re-detected object’s bounding box and initially predicted goal
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bounding box intersect over a certain IoU threshold, we consider the goal to be
successfully executed. If we fail to reach the goal, we call again our vision based
policies using the current scene configuration. Comparing the post-execution object
configuration with the initially imagined goal scene allows to track progress and

estimate goal completion as we show in the experimental section.

5.4 Experiments

We test SREM in its ability to follow language instructions for rearrangement of
tabletop scenes in simulation and in the real world. We compare our model against
LLM planners [127] and end-to-end language-to-action policies [311]. Our experiments

aim to answer the following questions:

1. How does SREM compare to LLM planners in predicting scene configurations

from instructions? (Section 5.4.1)

2. How does SREM compare to state-of-the-art language-to-action policies for
rearranging scenes? How does their relative performance change with varying

instruction length and varying amount of training data? (Section 5.4.2)

3. How does SREM generalize to novel objects, object colors and background

colors, compared to an end-to-end language-to-action model? (Section 5.4.3)

4. How much do different modules of our framework contribute to performance?
(Section 5.4.4)

Benchmarks: Existing language-conditioned manipulation benchmarks are usually

dominated by a single spatial concept like “inside” [311]. To better illustrate the

compositionality of spatial concepts, we introduce the following set of benchmarks,
implemented with PyBullet:

e spatial-relations, containing single pick-and-place instructions with referential

expressions in cluttered scenes with distractors, e.g. “Put the cyan cube above

the red cylinder”. We consider the relations left of, right of, in front of, behind.

® comp-one-step, containing compositional instructions with referential expres-
sions in cluttered scenes with distractors that require one object to be re-located

to a particular location, e.g. “put the red bowl to the right of the yellow cube,
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Human: Put the strawberry to the right of the apple and
in front of the green bowl.

Scene: There is an apple, a green bowl and a strawberry
in the scene.

Robot Thought: The goal state is [“strawberry right of
apple”, “strawberry in front of green bowl!"]

Robot Action: Put the strawberry to the right of the apple.
Executor: Done.

Robot Action: Put the strawberry in front of the green

bowl.
Executor: Done.

Action 2: Put the strawberry in front of the green bowl.

Figure 5.3: Planning in language space with Large Language Models (LLMs).
LLM Planners predict language subgoals that decompose the initial instruction to
simpler-to-execute subtasks. Predicted language subgoals are fed to reactive language-
to-action policies for execution. In cases where concept intersection is needed, the
predicted sequential language subgoal decomposition of instructions can fail. Here,
the LLM predicts the first subgoal of putting the strawberry to the right of the apple.
The reactive policy can succeed if it places the strawberry anywhere within the shaded
region. During execution of the next issued language subgoal of putting the strawberry
in front of the bowl, the policy violates the first constraint. Placing the strawberry
in the intersection of the two shaded regions may not be achieved by decomposing
the two predicates sequentially, as opposed to composing them. Then the burden of
handling the compositional instruction is outsourced to the language-to-action policy,
which often fails to generalize. Instead, SREM directly addresses compositionality of
multiple spatial language predicates.
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to the left of the red cylinder, and above blue cylinder”.

® comp-group, containing compositional instructions with referential expressions

in cluttered scenes with distractors that require multiple objects to be re-located,
e.g., “put the grey bowl above the brown cylinder, put the yellow cube to the
right of the blue ring, and put the blue ring below the grey bowl”.

e shapes, containing instructions for making multi-entity shapes (circles and

lines), e.g. “rearrange all red cubes in a circle”.

We further evaluate our model and baselines on four tasks from the CLIPort bench-

mark [311], namely put-block-in-bowls, pack-google objects-seq, pack-google

objects-group and assemble-kits-seq.

For all tasks we train on either 10 or 100 demos and use the same demos to train

all our modules, as discussed in Section 5.3. We test on 50 episodes per task, where

we vary the instruction and the initial configuration of objects. For spatial-relations

and shapes each concept corresponds to a task, while the composition benchmarks

correspond to one task each.

Baselines: We compare SREM to the following baselines:
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e CLIPort [311], a model that takes as input an overhead RGB-D image and

an instruction and uses pre-trained CLIP language and image encoders to
featurize the instruction and RGB image, respectively; then fuses these with
depth features to predict pick-and-place actions using the action parametriza-
tion of Transporter Networks [394]. The model capitalizes on language-vision
associations learnt by the CLIP encoders. We use the publicly available code
of [311]. We train one CLIPort model on all tasks of each benchmark, e.g.,
one model for spatial-relations, a different for comp-group etc. Note that
the original CLIPort implementation assumes access to oracle success/failure
information based on which the model can retry the task for a fixed budget
of steps or stop the execution if oracle confirms that the task is completed.
We evaluate the CLIPort model without this oracle retry but still with oracle
information of how many minimum steps it needs to take to complete the task,

so we force CLIPort to take exactly that number of actions.

LLMplanner, inspired by [127], an instruction-following scene-rearrangement

model that uses an LLM to predict a sequence of subgoals in language form,
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e.g. “pick the red cube and place it to the right of the blue bowl”. The generated
language subgoals are fed as input to language-to-action policies, such as
CLIPort. Scene state description is provided as a list of objects in the scene.
LLMplanner does not finetune the LLM but instead uses appropriate prompts
so that the LLM adapts its behavior in-context and generates similar statements.
The prompts include various previous successful interactions between a human
user and the model. We design suitable prompts for our introduced benchmarks
and use the LLM to decompose a long instruction into simpler ones (see Figure
5.3 for an example). Then, we feed each generated instruction to a CLIPort
model, trained as described earlier. Lastly, for tabletop manipulation tasks in
simulation, the LLMPlanner of [127] assumes access to an oracle success/failure
detector. The difference in our implementation is that we do not assume any
success detector. The execution terminates when all language subgoals have
been fed to and handled by CLIPort.
Note that LLMplanner boils down to CLIPort for non-compositional instructions.
As such, we compare with LLMplanner only on comp-one-step and comp-group,
both in simulation and real world.
Evaluation Metrics: We use the following two evaluation metrics: (i) Task
Progress (TP) [394] is the percentage of the referred objects placed in their goal
location, e.g. 4/5 = 80.0% for rearranging 4 out of 5 objects specified in the instruction.
(ii) Task Completion (TC) rewards the model only if the full rearrangement is
complete. For the introduced benchmarks we have oracle reward functions that

evaluate whether the task constraints are satisfied.

5.4.1 Spatial reasoning for scene rearrangement with oracle

perception and control

In this section, we compare spatial reasoning for predicting compositional scene
subgoals in a language space versus in an abstract visually grounded space. In this
section, to isolate this reasoning ability from nuisance factors of visually localizing
the objects and picking them up effectively, we consider oracle object detection,
referential grounding and low-level pick-and-place policies. Specifically, we

carry out inferred language subgoals from LLMplanner using oracle controllers that
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comp-one-step comp-group

Method TP TC TP TC
LLMplanner w/ oracle 82.0 99.0 7.3  29.0
SREM w/ oracle 90.8 76.0 88.7 62.0

Table 5.1: Evaluation of SREM and LLMplanner with oracle perception
and oracle low-level execution policies on compositional spatial arrangement
tasks. We report Task Progress (TP) and Task Completion (TC).

left-seen-colors left-unseen-colors right-seen-colors right-unseen-colors
Method 10 demos 100 demos 10 demos 100 demos 10 demos 100 demos 10 demos 100 demos

CLIPort 13.0 44.0 9.0 33.0 29.0 43.0 28.0 44.0
SREM 95.0 95.0 93.0 94.0 89.0 92.0 93.0 96.0
behind-seen-colors behind-unseen-colors front-seen-colors front-unseen-colors
Method 10 100 10 100 10 100 10 100
CLIPort 24.0 45.0 22.0 51.0 23.0 55.0 13.0 40.0
SREM 87.0 87.0 89.0 90.0 89.0 90.0 88.0 89.0
circle-seen-colors circle-unseen-colors line-seen-colors line-unseen-colors

Method 10 demos 100 demos 10 demos 100 demos 10 demos 100 demos 10 demos 100 demos

CLIPort 34.1 61.5 31.2 55.6 48.6 88.2 48.6 88.5
SREM 91.3 91.5 90.2 91.2 98.1 99.0 98.4 99.4

Table 5.2: Evaluation (TP) of SREM and CLIPort on spatial-relations and
shapes in simulation.

relocate an object in the scene such that it satisfies the predicted subgoals. Note
that SREM relies on pick-and-place policies that are not language-conditioned, while
LLMplanner relies on language-conditioned policies for object re-location. Thus, the
oracle control assumption is less realistic in the latter case. We forego this difference

for the sake of comparison.

We show quantitative results of SREM and LLMplanner on the comp-one-step
and comp-group benchmarks in Table 5.1. Our model outperforms LLMplanner
and the performance gap is larger in more complex instructions. To elucidate why
an abstract visual space may be preferable for planning, we visualize steps of energy
minimization for different instructions in Figure 5.1 and steps of the execution of the
LLM prompted by us to the best of our capability in Figure 5.3. We can see that

SREM trained on single-predicate scenes shows remarkable composability in case of
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comp-one-step comp-one-step comp-group comp-group

seen-colors unseen-colors seen-colors unseen-colors
Method 10 100 10 100 10 100 10 100
Initial (no movement) 0.0 0.0 0.0 0.0 31.7 317 318 31.8
CLIPort (zero-shot) 9.0 12.0 7.0 12.0 374 375 326 38.4
CLIPort 13.0 15.0 14.0 9.0 38.2 385 347 40.9
LLMplanner 51.2 53.2 49.4 53.5 38.6 39.0 37.1 39.0
SREM (zero-shot) 90.0 91.0 92.7 90.3 T2 Tr4 T 78.4

SREM (zero-shot + closed-loop) 91.6 92.0 92.9 91.4 80.8 81.6 81.1 824

Table 5.3: Evaluation (TP) of SREM, CLIPort and LLMplanner on compo-
sitional tasks. SREM is trained only on atomic relations and tested zero-shot on
tasks with compositions of spatial relations which involve moving one (comp-one-
step) or multiple (comp-group) objects to satisfy all constraints specified by the
language. Some language constraints are satisfied already in the initial configuration
and the Initial model captures that.

put-block-in-bowl put-block-in-bowl packing-google-objects packing-google-objects
seen-colors unseen-colors seq-seen-objects seqg-unseen-objects
Method 10 demos 100 demos 10 demos 100 demos 10 demos 100 demos 10 demos 100 demos
CLIPort 31.0 82.1 4.8 17.6 34.8 54.7 27.2 56.4
SREM 84.3 93.8 89.0 95.3 86.8 94.8 88.0 92.9
packing-google-objects packing-google-objects assembling-kits assembling-kits
group-seen-objects group-unseen-objects seqg-seen-colors seq-unseen-colors
Method 10 100 10 100 10 100 10 100
CLIPort 33.5 61.2 32.2 70.0 38.0 62.6 36.8 51.0
SREM 86.1 76.8 87.2 79.6 38.4 42.0 40.8 44.0

Table 5.4: Evaluation (TP) of SREM and CLIPort on CLIPort benchmark
in simulation.

multiple predicates. Language planning on the other hand suffers from the ambiguity
of translating geometric concepts to language and vice versa: step-by-step execution
of language subgoals does not suffice for the composition of the two subgoals to

emerge (Figure 5.3).

5.4.2 Spatial scene rearrangement

Simulation: In this section, we compare our model and the baselines in the task of
instruction-guided scene rearrangement. We first show results on spatial-relations

and shapes in Table 5.2. We largely outperform CLIPort, especially when less

71



5. Energy-based Models are Zero-Shot Planners for Compositional Scene
Rearrangement

training demos are considered.

To evaluate generalization on longer instructions at test time, we show quantitative
results in Table 5.3 for the benchmarks of comp-one-step and comp-group. We
compare our model with CLIPort trained on atomic spatial relations and zero-shot
evaluated on compositional benchmarks. We further fine-tune CLIPort on demos
from the compositional benchmarks. SREM is not trained on these benchmarks,
because the energy functions are already composable, meaning that we can jointly
optimize over an arbitrary number of constraints by simply summing the different
energy terms. Under all different settings, we significantly outperform all variants of
CLIPort and LLMplanner. We also observe that closed-loop execution boosts our
performance further.

We additionally show results on the CLIPort benchmark in Table 5.4. We largely
outperform CLIPort on almost all tested tasks. Margins are significantly larger when
i) less demos are used and ii) the robot has to interact with objects of unseen colors
or classes. Most of the failure cases for our model are due to the language grounding
mistakes - in particular for assemble-kits-seq we find that the grounder gets confused
between letters and letter holes.

Real World: We test our model on a 7-DoF Franka Emika robot, equipped with
a parallel jaw gripper and a top-down Azure Kinect RGB-D camera. We do not
perform any real-world finetuning. Our test set contains 10 language-guided tabletop
manipulation tasks per setting (Comp-one-step, Comp-group, Circles, Lines). We
show quantitative results in Table 5.6. SREM generalizes to the real world without
any real-world training or adaptation thanks to the open-vocabulary detector trained
on real-world images, as well as the object abstractions in the predicate EBMs and
low-level policy modules. We encourage readers to refer to our supplementary video

and our website for more detailed results.

5.4.3 Generalization analysis

We conduct controlled studies of our model’s generalization across three axes: a)
novel colors: we train the models with objects of 7 different colors and evaluate
them on objects of 4 unseen colors; b) novel background colors: we train all

models on black-colored tables and evaluate on tables of randomly sampled RGB
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spatial-relations composition

Novel attribute Model 10 demos 100 demos 10 demos 100 demos
Now CLIPort 22.0 47.0 25.6 26.8
one SREM 90.0 91.0 83.6 84.2
CLIPort 18.0 39.0 25.1 24.5

Color

SREM 87.0 85.0 86.5 4.0
Back q CLIPort 10.0 20.0 23.7 23.2
ackgroun SREM 79.0 68.0 77.0 72.0
Obiect CLIPort 17.0 19.0 24.5 24.8
Jects SREM 86.0 86.0 80.9 81.5

Table 5.5: Generalization experiments of SREM and CLIPort in manipula-

tion tasks in simulation (metric is TP).

Method comp-one-step comp-group circles lines
CLIPort 13.1 22.9 34.0 46.0
LLMplanner 39.5 25.9 - -

SREM 85.6 75.8 94.0 90.0

Table 5.6: Real-world evaluation (TP) of SREM

Method Accuracy
SREM 7.2
SREM w/o goal generation 42.1
SREM w/o learnable policies 61.2
SREM w/ oracle language grounding 82.3
SREM w/ everything oracle except goal 88.3

Table 5.7: Ablations of SREM on the benchmark comp-group-seen-colors

(metric is TP).

colors; ¢) novel objects: we train the models on objects of 4 classes and evaluate

on rearrangement of 11 novel classes. In each of these settings, we only change

one attribute (i.e. object color, background color or object instance) while keeping

everything else constant.

We evaluate our model and CLIPort trained on 10 or 100 demos per task on

spatial-relations (average performance over all tasks) and composition (average

performance over all tasks from comp-one-step and comp-group). The results are

73



5. Energy-based Models are Zero-Shot Planners for Compositional Scene
Rearrangement

summarized in Table-5.5. We observe that our model maintains high performance
across all axes of generalization, independently of the number of training demos.
Our model’s generalization capabilities rely on the open-vocabulary detector and
the fact that EBMs and transporter-based low-level execution policy operate on
abstracted space in a modular fashion. While CLIPort models can also generalize to
novel scenarios by leveraging the CLIP model, the action prediction and perception
are completely entangled and hence even if CLIP manages to identify the right objects

based on the language, it has trouble predicting the correct pick and place locations.

5.4.4 Ablations

We show an error analysis of our model in Table-5.7. First, we remove the goal
generation from SREM (SREM w/o goal generation) by conditioning the place
network on the language input instead of the EBM-generated goal image, while
keeping the pick network and object grounders identical. We observe a drop of 35.1%
in accuracy, underscoring the importance of goal generation. We then remove our
executor policy (SREM w/o learnable policies) and instead randomly select pick/place
locations inside the bounding box of the relevant object. This results in a drop of 16%,
showing the importance of robust low-level policies. We do not remove the grounder
and parser since they are necessary for goal generation. We then experiment with
oracle visual language grounder (SREM w/ oracle language grounding) that perfectly
detects the objects mentioned in the sentence, which results in a performance gain
of 5.1%. We finally evaluate with perfect grounding, language parsing and low-level
execution (SREM w/ everything oracle except goal) to test the error rate of our goal
generator. We obtain an 88.3% accuracy, thus concluding that our goal generator

fails in 11.7% cases.

5.4.5 Limitations

Our model presently has the following two limitations: First, it predicts the goal object
scene configuration but does not have any knowledge regarding temporal ordering
constraints on object manipulation execution implied by physics. For example, our
model can predict a stack of multiple objects on top of one another but cannot

suggest which object needs to be moved first. One solution to this problem is to
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heuristically pick the order based on objects that are closer to the floor in the
predicted scene configuration. However, more explicit encoding of physics priors are
important to also identify if the generated configuration is stable or not. A promising
direction is to model physics-based constraints as additional energy constraints, and
obtain optimization gradients by leveraging either differentiable physics simulators
[129, 274, 365] or learned dynamics models [187, 264, 363]. Second, our EBMs
are currently parametrized by object locations and sizes, but different tasks need
different abstractions. Manipulation of articulated objects, fluids, deformable objects
or granular materials, would require finer-grained parametrization in both space and
time. Furthermore, even for rigid objects, many tasks would require finer in-space
parametrization, e.g., it would be useful to know a set of points in the perimeter of a
plate as opposed to solely representing its bounding box for accurately placing things
inside it. Considering EBMs over keypoint or object part graphs [232, 315] is a direct

avenue for future work.

5.5 Conclusion

We introduce SREM, a modular robot learning framework for instruction-guided
scene rearrangement that maps instructions to object scene configurations via com-
positional energy minimization over object spatial coordinates. We test our model in
diverse tabletop manipulation tasks in simulation and in the real world. Our model
outperforms state-of-the-art end-to-end language-to-action policies, and LLM-based
instruction following methods both in in- and out-of-distribution settings, and across
varying amount of supervision. We contribute a new scene rearrangement benchmark
that contains more compositional language instructions than previous works, which
we make publicly available to the community. Our work shows that a handful of
visually-grounded examples suffice to learn energy-based spatial language concepts
that can be composed to infer novel instructed scene arrangements, in long and

complex compositional instructions.
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Chapter 6

Act3D: 3D Feature Field
Transformers for Multi-Task

Robotic Manipulation

Act3D is 3D policy but not a generative one. However, it serves a valuable transition
into unifying the input and output space in manipulation. While the previous
chapter adopted Detection Transformers as a tool, Act3D directly builds a Detection

Transformer-based architecture for manipulation.

6.1 Introduction

Solutions to many robot manipulation tasks can be modeled as a sequence of 6-DoF
end-effector poses (3D position and orientation). Many recent methods train neural
manipulation policies to predict 3D end-effector pose sequences directly from 2D
images using supervision from demonstrations [19, 103, 140, 199, 312, 315]. These
methods are typically sample inefficient: they often require many trajectories to
handle minor scene changes at test time and cannot easily generalize across camera
viewpoints and environments, as mentioned in the respective papers and shown in

our experiments.

This chapter is based on the paper previously published at CoRL 2023 [91]
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3D Feature Cloud Coarse-to-fine 3D feature fields Action Prediction
~—~»
Ghost point features
1
brush the dirt into
the dustpan” position feature field Transformer —— (Qrot, Qopen, Qcol)

Figure 6.1: Act3D is a language-conditioned robot action transformer that learns
3D scene feature fields of arbitrary spatial resolution via recurrent coarse-to-fine 3D
point sampling and featurization using relative-position attentions. Act3D featurizes
multi-view RGB images with a pre-trained 2D CLIP backbone and lifts them in 3D
using sensed depth. It predicts 3D location of the end-effector using classification of
the 3D points of the robot’s workspace, which preserves spatial equivariance of the
scene to action mapping.

For a robot policy to generalize under translations, rotations, or camera view
changes, it needs to be spatially equivariant [413], that is, to map 3D translations
and rotations of the input visual scene to similar 3D translations and rotations for
the robot’s end-effector. Spatial equivariance requires predicting 3D end-effector
locations through 2D or 3D action maps, depending on the action space considered,
instead of regressing action locations from holistic scene or image features. Trans-
porter networks [396] introduced a spatial equivariant architecture for 4-DoF robot
manipulation: they re-project RGB-D input images to a top-down image and predict
robot end-effector 2D translations through a top-down 2D action map. They showed
better generalization with fewer training demonstrations than prior works. However,
they are limited to top-down 2D worlds and 4-DoF manipulation tasks. This begs
the question: how can we extend spatial equivariance in action prediction to general

6-DoF manipulation?

Developing spatially equivariant 6-DOF manipulation policies requires predicting
3D action maps by classifying 3D points in the robot’s workspace as candidates for
future 3D locations for the robot’s end-effector. Predicting high-resolution 3D action
maps, necessary for fine-grained manipulation tasks, poses a computational challenge

over their 2D counterparts due to the extra spatial dimension. Voxelizing the robot’s
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3D workspace and featurizing the 3D voxels at high resolution is computationally
demanding [338]. The next end-effector pose might be anywhere in free space, which
prevents the use of sparse 3D convolutions [40, 96] to selectively featurize only part of
the 3D free space. To address this, recent work of PerAct [312] featurizes 3D voxels
using the latent set bottlenecked self-attention operation of Perceiver [133], whose
complexity is linear to the number of voxels as opposed to quadratic, as the all-to-all
self attention operations. However, it gives up on spatial disentanglement of features
due to the latent set bottleneck. Other methods avoid featurizing points in 3D free
space altogether and instead regress an offset for the robot’s 3D locations from a
detected 2D image contact point [103, 203, 258], which again does not fully comply

with spatial equivariance.

In this chapter, we introduce Act3D, a language-conditioned transformer for multi-
task 6 DoF robot manipulation that predicts continuous resolution 3D action maps
through adaptive 3D spatial computation. Act3D represents the scene as a continuous
3D feature field. It computes a scene-level physical 3D feature cloud by lifting features
of 2D foundational models from one or more views using sensed depth. It learns a
3D feature field of arbitrary spatial resolution via recurrent coarse-to-fine 3D point
sampling and featurization. At each iteration, the model samples 3D points in the
whole workspace and featurizes them using relative spatial cross-attention [325] to the
physical 3D feature cloud. Act3D predicts 3D end-effector locations by scoring 3D
point features, and then regresses the 3D orientation and opening of the end-effector.
At inference time, we can trade-off compute for higher spatial precision and task
performance by sampling more 3D points in free space than the model ever saw at
training time.

We test Act3D in RLBench [139], an established benchmark for learning diverse
robot manipulation policies from demonstrations. We set a new state-of-the-art in
the benchmark in both single-task and multi-task settings. Specifically, we achieve a
10% absolute improvement over prior SOTA on the single-task setting introduced by
HiveFormer [103] with 74 tasks and a 22% absolute improvement over prior SOTA in
the multi-task setting introduced by PerAct [312] with 18 tasks and 249 variations.
We also validate our approach on a Franka Panda with a multi-task agent trained
from scratch on 8 real-world tasks with a total of just 100 demonstrations (see

Figure 6.2). In thorough ablations, we show the importance of the design choices of
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our architecture, specifically, relative spatial attention, large-scale vision-language
pre-trained 2D backbones, high resolution featurization and weight tying across
coarse-to-fine attentions.

In summary, our contributions are: 1. A novel neural policy architecture for
language-conditioned multi-task 6-DoF manipulation that both reasons directly in 3D
and preserves locality of computation in 3D, using iterative coarse-to-fine translation-
invariant attention. 2. Strong empirical results on a range of simulated and real-world
tasks, outperforming the previous SOTA 2D and 3D methods on RLBench by large
absolute margins, and generalizing well to novel camera placements at test time. 3.
Thorough ablations that quantify the contribution of high-resolution features, tied
attention weights, pre-trained 2D features, and relative position attention design
choices. Code and videos are available at our project website: https://act3d.

github.io/.

6.2 Related Work

Learning robot manipulation from demonstrations Many recent work train
multi-task manipulation policies that leverage Transformer architectures [19, 103, 199,
284, 307, 312] to predict robot actions from video input and language instructions.
End-to-end image-to-action policy models, such as RT-1 [19], GATO [284], BC-Z [141],
and InstructRL [199], directly predict 6-DoF end-effector poses from 2D video and
language inputs. They require many thousands of demonstrations to learn spatial
reasoning and generalize to new scene arrangements and environments. Transporter
networks [396] and their subsequent variants [93, 304, 311] formulate 4-DoF end-
effector pose prediction as pixel classification in 2D overhead images. Thanks to the
spatial equivariance of their architecture, their model dramatically increased sample
efficiency over previous methods that regress end-effector poses by aggregating global
scene features. However, they are limited to top-down 2D planar worlds with simple
pick-and-place primitives. 3D policy models of C2F-ARM [140] and PerAct [312]
voxelize the robot’s workspace and are trained to detect the 3D voxel that contains
the next end-effector keypose. Spatially precise 3D pose prediction requires the 3D
voxel grid to be high resolution, which comes at a high computational cost. C2F-

ARM [140] uses a coarse-to-fine voxelization to handle computational complexity,
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while PerAct [312] uses Perceiver’s latent bottleneck [133] to avoid voxel-to-voxel self-
attention operations. Act3D avoids 3D voxelization altogether and instead represents
the scene as a continuous resolution 3D feature field. It samples 3D points in the
empty workspace and featurizes them using cross-attentions to the physical 3D point

features.

Feature pre-training for robot manipulation Many 2D policy architectures
bootstrap learning from demonstrations from frozen or finetuned 2D image backbones
[141, 249, 259, 382] to increase experience data sample efficiency. Pretrained vision-
language backbones can enable generalization to new instructions, objects, and scenes
[311, 324]. In contrast, SOTA 3D policy models are typically trained from scratch
from colored point clouds input [140, 312, 363]. Act3D uses CLIP pre-trained 2D
backbones [276] to featurize 2D image views and lifts the 2D features in 3D using depth
[107, 337]. We show that 2D feature pretraining gives a considerable performance

boost over training from scratch.

Relative attention layers Relative attentions have shown improved performance
in many 2D visual understanding tasks and language tasks [217, 309]. Rotary
embeddings [325] implement relative attention efficiently by casting it as an inner-
product in an extended position feature space. In 3D, relative attention is imperative
as the coordinate system is arbitrary. 3D relative attentions have been used before in
3D Transformer architectures for object detection and point labelling [377, 403]. We
show in Section 6.4 that relative attentions significantly boost performance of our

model.

6.3 3D Feature Field Transformers for Multi-Task
Robot Manipulation

The architecture of Act3D is shown in Figure 6.1. It is a policy transformer that, at a
given timestep t, predicts a 6-DoF end-effector pose from one or more RGB-D images,
a language instruction, and proprioception information regarding the robot’s current

end-effector pose. Following prior work [103, 138, 199, 312], instead of predicting an
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end-effector pose at each timestep, we extract a set of keyposes that capture bottleneck
end-effector poses in a demonstration. A pose is a keypose if (1) the end-effector
changes state (something is grasped or released) or (2) velocities approach near zero
(a common occurrence when entering pre-grasp poses or entering a new phase of a
task). The prediction problem then boils down to predicting the next (best) keypose
action given the current observation. At inference time, Act3D iteratively predicts
the next best keypose and reaches it with a sampling-based motion planner, following

previous works [103, 312].

We assume access to a dataset of n demonstration trajectories. Each demonstration
is a sequence of observations O = {0y, 09,..,0;} paired with continuous actions
A ={ay,as, .., a;} and, optionally, a language instruction [ that describes the task.
Each observation o; consists of RGB-D images from one or more camera views;
more details are in Appendix E.2. An action a; consists of the 3D position and 3D
orientation (represented as a quaternion) of the robot’s end-effector, its binary open
or closed state, and whether the motion planner needs to avoid collisions to reach the

pose:

a = {apos € R?, o € H, dopen € {0,1}, acar € {0,1}}

Next, we describe the model’s architecture in detail.

Visual and language encoder Our visual encoder maps multi-view RGB-D
images into a multi-scale 3D scene feature cloud. We use a large-scale pre-trained 2D
feature extractor followed by a feature pyramid network [195] to extract multi-scale
visual tokens for each camera view. Our input is RGB-D, so each pixel is associated
with a depth value. We “lift” the extracted 2D feature vectors to 3D using the
pinhole camera equation and the camera intrinsics, based on their average depth.
The language encoder featurizes instructions with a large-scale pre-trained language
encoder. We use the CLIP ResNet50 [276] visual encoder and language encoders to
exploit their common vision-language feature space for interpreting instructions and
referential grounding. Our pre-trained visual and language encoders are frozen, not

finetuned, during training of Act3D.
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Iterative 3D point sampling and featurization Our key idea is to estimate
high resolution 3D action maps by learning 3D perceptual representations of free
space with arbitrary spatial resolution, via recurrent coarse-to-fine 3D point sampling
and featurization. 3D point candidates (which we will call ghost points) are sampled,
featurized and scored iteratively through relative cross-attention [325] to the physical
3D scene feature cloud, lifted from 2D feature maps of the input image views. We
first sample coarsely across the entire workspace, then finely in the vicinity of the
ghost point selected as the focus of attention in the previous iteration, as shown in
Figure 6.1. The coarsest ghost points attend to a global coarse scene feature cloud,

whereas finer ghost points attend to a local fine scene feature cloud.

Relative 3D cross-attentions We featurize each of the 3D ghost points and a
parametric query (used to select via inner-product one of the ghost points as the next
best end-effector position in the decoder) independently through cross-attentions to the
multi-scale 3D scene feature cloud, language tokens, and proprioception. Featurizing
ghost points independently, without self-attentions to one another, enables sampling
more ghost points at inference time to improve performance, as we show in Section 6.4.
Our cross-attentions use relative 3D position information and are implemented
efficiently with rotary positional embeddings [325]. The absolute locations of our 3D
points are never used in our featurization, and attentions only depend on the relative

locations of two features.

Decoding actions We score ghost point tokens via inner product with the paramet-
ric query to select one as the next best end-effector position ap.s. We then regress the
end-effector orientation a,o and opening aopen, as well as whether the motion planner
needs to avoid collisions to reach the pose a.., from the last iteration parametric

query with a 2-layer multi-layer perceptron (MLP).

Training Act3D is trained supervised from input-action tuples from a dataset of
manipulation demonstrations. These tuples are composed of RGB-D observations,
language goals, and keypose actions { (01,1, k1), (02, l2, k2), ...}. During training, we
randomly sample a tuple and supervise Act3D to predict the keypose action k given

the observation and goal (o, 1). We supervise position prediction apes at every round of
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coarse-to-fine with a softmax cross-entropy loss over ghost points, rotation prediction
a0t With a MSE loss on the quaternion prediction, and binary end-effector opening
Aopen and whether the planner needs to avoid collisions ac, with binary cross-entropy
losses.

Implementation details We use three ghost point sampling stages: first uni-
formly across the entire workspace (roughly 1 meter cube), then uniformly in a 16
centimeter diameter ball, and finally in a 4 centimeter diameter ball. The coars-
est ghost points attend to a global coarse scene feature cloud (32x32xncam coarse
visual tokens) whereas finer ghost points attend to a local fine scene feature cloud
(the closest 32x32xncam out of the total 128x128xncam fine visual tokens). During
training, we sample 1000 ghost points in total split equally across the three stages.
At inference time, we can trade-off extra prediction precision and task performance
for additional compute by sampling more ghost points than the model ever saw at
training time (10,000 in our experiments). We’ll show in ablations in Section 6.4 that
our framework is robust to these hyper-parameters but tying weights across sampling
stages and relative 3D cross-attention are both crucial for generalization. We use a
batch size 16 on a Nvidia 32GB V100 GPU for 200k steps (one day) for single-task
experiments, and a batch size 48 on 8 Nvidia 32GB V100 GPUs for 600K steps (5
days) for language-conditioned multi-task experiments. At test time, we call upon a
low-level motion planner to reach predicted keyposes. In simulation, we use native
motion planner implementation provided in RLBench, which is a sampling-based
BiRRT [176] motion planner powered by Open Motion Planning Library (OMPL)
[327] under the hood. For real-world experiments, we use the same BiRRT planner

provided by the Movelt! ROS package [44]. please, see Appendix E.4 for more details.

6.4 Experiments

We test Act3D in learning from demonstrations single-task and multi-task manipula-
tion policies in simulation and the real world. We conduct our simulated experiments
in RLBench [139], an established simulation benchmark for learning manipulation
policies, for the sake of reproducibility and benchmarking. Our experiments aim to

answer the following questions:
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“screw the red light bulb” “stack the wine bottle to “put the crackers “put the money away in the “sweep dirt to the tall dustpan”
the middle of the rack” in the cupboard” safe on the bottom shelf’

‘put the item in the use the stick to drag the
bottom drawer” cube onto the lime target”

-
S

“open the oven and put “fold the dishcloth and wipe “place the fruit in the pink bow!” “stack cups in the yellow cup” “use the spoon to transfer the beans
the duck inside it” the spilled coffee” in the yellow bowl to the green plate”

Figure 6.2: Tasks. We conduct experiments on 92 simulated tasks in RLBench [139]
(only 10 shown), and 8 real-world tasks (only 5 shown).

1. How does Act3D compare against SOTA 2D multiview and 3D manipula-
tion policies in single-task and multi-task settings with varying number of training
demonstrations?

2. How does Act3D generalize across camera viewpoints compared to prior 2D
multiview policies?

3. How do design choices such as relative 3D attention, pre-trained 2D backbones,
weight-tied attention layers, and the number of coarse-to-fine sampling stages impact

performance?

6.4.1 Evaluation in simulation

Datasets We test Act3D in RLbench in two settings: 1. Single-task manipu-
lation policy learning. We consider 74 tasks grouped into 9 categories proposed
by HiveFormer [103]. Each task includes variations which test generalization to
novel arrangements of the same training objects. Each method is trained with 100
demonstrations and evaluated on 500 unseen episodes. 2. Multi-task manipulation
policy learning. We consider 18 tasks with 249 variations proposed by PerAct [312].

Each task includes 2-60 variations, which test generalization to new goal configura-
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Auto-Lambda (100) = HiveFormer (100) -InstructRL (100) = Act3D (10) -ActSD(100)

% M\L.L

Average Plannlng Tools Long Term

Rotation Invariant Motion Planning

Multi Modal

Precision

Visual Occlusion

Screw

Figure 6.3: Single-task performance. On 74 RLBench tasks across 9 categories,

Act3D reaches 83% success rate, an absolute improvement of 10% over Instruc-
tRL [199], prior SOTA in this setting.

PerAct (10) = PerAct (100)
W Act3D (10) ® Act3D (100)
80
65
60
3 48
—
L open slide sweepto  meat off turn putin close drag stack
& 40 o drawer block dustpan grill tap drawer jar stick blocks
) | Method 10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100
% PerAct 68 80 32 72 72 56 68 8 72 80 16 68 32 60 36 68 12 36
8 Act3D 92 93 66 93 82 92 58 94 64 94 82 90 9% 92 52 92 6 12
g 20
screw put in place putin sort push insert stack place
bulb safe wine cupboard shape buttons peg cups cups
10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100 10 100
0 PerAct 28 24 16 44 20 12 0 16 16 20 56 48 4 0 0 0 0 0
Average Act3D 26 47 75 95 32 80 27 51 7 8 98 99 7 27 8 9 1 3

Figure 6.4: Multi-task performance. On 18 RLBench tasks with 249 variations,
Act3D reaches 65% success rate, an absolute improvement of 22% over PerAct [312],
prior SOTA in this setting.

tions that involve novel object colors, shapes, sizes, and categories. This is a more
challenging setting. Each method is trained with 100 demonstrations per task split

across variations, and evaluated on 500 unseen episodes per task.

Baselines We compare Act3D with the following state-of-the-art manipulation
policy learning methods: 1. InstructRL [199], a 2D policy that directly predicts 6 DoF
poses from image and language conditioning with a pre-trained vision-and-language
backbone. 2. PerAct [312], a 3D policy that voxelizes the workspace and detects
the next best voxel action through global self-attention. 3. HiveFormer [103] and
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Auto-\ [203], hybrid methods that detect a contact point within an image input, then
regress an offset from this contact point. We report numbers from the papers when

available.

Evaluation metric We evaluate policies by task completion success rate, the
proportion of execution trajectories that lead to goal conditions specified in language

mstructions.

Single-task and multi-task manipulation results We show single-task quanti-
tative results of our model and baselines in Figure 6.3. Act3D reaches 83% success
rate, an absolute improvement of 10% over InstructRL [199], prior SOTA
in this setting, and consistently outperforms it across all 9 categories of tasks.
With only 10 demonstrations per task, Act3D is competitive with prior SOTA using
100 demonstrations per task. Act3D outperforms 2D methods of InstructRL and
Hiveformer because it reasons directly in 3D. For the same reason, it generalizes much
better than them to novel camera placements, as we show in Table 6.1.

We show multi-task quantitative results of our model and PerAct in Figure 6.4.
Act3D reaches 65% success rate, an absolute improvement of 22% over PerAct,
prior SOTA in this setting, consistently outperforming it across most tasks. With
only 10 demonstrations per task, Act3D outperforms PerAct using 100
demonstrations per task. Note that Act3D also uses less than a third of PerAct’s
training computation budget: PerAct was trained for 16 days on 8 Nvidia V100 GPUs
while we train for 5 days on the same hardware. Act3D outperforms PerAct because
its coarse-to-fine relative attention based 3D featurization of the 3D workspace is
more effective than the perceiver’s latent bottleneck attention in generating spatially

disentangled features.

6.4.2 Ablations

We ablate the impact of our design choices in Table 6.1. We perform most ablations
in the single-task setting on 5 tasks: pick cup, put knife on chopping board, put
money in safe, slide block to target, take umbrella out of stand. We ablate the choice

of pre-trained 2D backbone in the multi-task setting with all 18 tasks.
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Table 6.1: Ablations.

Average success rate in
single-task setting (5 tasks)

Full Act3D 98.1

Only 2 stages of coarse-to-fine sampling 93.6

. . No weight tying across stages 80.6

Core design choices Absolute 3D positional embeddings 55.4

Attention to only global coarse visual features 89.8

Only 1000 ghost points at inference time 93.2

. . Act3D 74.2

Viewpoint changes HiveFormer 90.4
Multi-task setting (18 tasks)

CLIP ResNet50 backbone 65.1

Backbone ImageNet ResNet50 backbone 53.4

Generalization across camera viewpoints: We vary camera viewpoints at test
time for both Act3D and HiveFormer [103]. The success rate drops to 20.4% for
HiveFormer, a relative 77% drop, while Act3D achieves 74.2% success rate, a 24%
relative drop. This shows detecting actions in 3D makes Act3D more robust to camera

viewpoint changes than multiview 2D methods that regress offsets.

Weight-tying and coarse-to-fine sampling: All 3 stages of coarse-to-fine sam-
pling are necessary: a model with only 2 stages of sampling and regressing an offset
from the position selected at the second stage suffers a 4.5% performance drop. Tying
weights across stages and relative 3D positional embeddings are both crucial; we
observed severe overfitting without, reflected in respective 17.5% and 42.7% perfor-
mance drops. Fine ghost point sampling stages should attend to local fine visual
features with precise positions: all stages attending to global coarse features leads
to a 8.3% performance drop. Act3D can effectively trade off inference computation
for performance: sampling 10,000 ghost points, instead of the 1,000 the model was

trained with, boosts performance by 4.9%.

Pre-training 2D features: We investigate the effect of the pre-trained 2D back-
bone in the multi-task setting where language instructions are most needed. A
ResNet50 [276] backbone pre-trained with CLIP improves success rate by 8.7% over
a ResNet50 backbone pre-trained on ImageNet.
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We found Random crops of RGB-D images to boost performance but yaw rotation
perturbations did not help. The model is robust to variations in hyperparameters
such as the diameter of ghost point sampling balls or the number of points sampled
during training. For additional ablations regarding augmentations and sensitivity to

hyperparameters, please see the Appendix section E.6.

6.4.3 Evaluation in real-world

In our real-world setup, we conduct experiments with

a Franka Emika Panda robot and a single Azure Task 4 Train Success

Kinect RGB-D sensor. We consider 8 tasks (Figure

6.2) that involve interactions with multiple types of reach target 10 10/10
objects, spanning liquid, articulated objects, and de- duck in oven 15 6/10
formable objects. For each task, we collected 10 to 15 wipe coffee 15 7/10
kinesthetic demonstrations and trained a languaged- fruits in bowl 10 8/10

stack cups 15 6/10

conditioned multi-task model with all of them. We
transfer beans 15 5/10

press handsan 10 10/10
uncrew cap 10 8/10

report the success rate on 10 episodes per task in
Table 6.2. Act3D can capture semantic knowledge

in demonstration well and performs reasonably well

on all tasks, even with a single camera input. One Tuple 6.2: Real-world tasks.
major failure case comes from noisy depth sensing:

when the depth image is not accurate, the selected point results in imprecise action
prediction. Leveraging multi-view input for error correction could improve this, and
we leave this for future work. For videos of the robot executing the tasks, please see

our project website.

6.4.4 Limitations and future work

Our framework currently has the following limitations: 1. Act3D is limited by the
motion planner used to connect predicted keyposes with straight trajectory segments.
It does not handle manipulation of articulated object well, such as opening/closing
doors, fridges, and ovens, where robot trajectories cannot be well approximated by few
line segments.2. Act3D does not utilize any decomposition of tasks into subtasks. A

hierarchical framework that would predict language subgoals for subtasks [3, 128, 191]
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and feed those to our language-conditioned policy would allow better re-usability of

skills across tasks. Addressing these limitations is a direct avenue for future work.

6.5 Conclusion

We presented Act3D, a language-conditioned policy transformer that predicts contin-
uous resolution 3D action maps for multi-task robot manipulation. Act3D represents
the scene using a continuous resolution 3D feature map, obtained by coarse-to-fine 3D
point sampling and attention-based featurization. Act3D sets a new state-of-the-art
in RLBench, an established robot manipulation benchmark, and solves diverse ma-
nipulation tasks in the real world from a single RGB-D camera view and a handful of
demonstrations. Our ablations quantified the contribution of relative 3D attentions,

2D feature pre-training, and weight tying during coarse-to-fine iterations.
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Chapter 7

ChainedDiffuser: Unifying
Trajectory Diffusion and Keypose
Prediction for Robotic

Manipulation

An obvious extension of Act3D, this chapter tackles the non-learnable planner limita-

tion by introducing our first diffusion-based formulation.

7.1 Introduction

While learning manipulation policies from demonstrations is a supervised learning
problem, the multimodality and diversity of action trajectories poses significant
challenges to machine learning methods. Some tasks, such as placing a cup in a
cabinet, can be handled by a policy that provides only a desired goal pose for the
cup [311, 312, 395], while others, such as wiping off dirt on the floor, necessitate the
policy to generate a continuous action trajectory [229, 339] for the grasped mop.
One line of manipulation learning methods models action trajectories from demon-

strations. These methods either reactively map vision and language to dense temporal

This chapter is based on the paper previously published at CoRL 2023 [364]
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actions [19, 229, 307, 315, 402], or model the input-action compatibility using energy-
based models [69, 82, 93, 145]. Despite recent progress, these methods may struggle
with multimodal action trajectory distributions, or experience training stabilities
[38, 69, 143]. Building on successes in diffusion models [118, 252, 321], a recent
line of work proposes to train diffusion-based policies [38, 286, 339] for generating
action trajectories. These approaches have demonstrated stable training behavior
and impressive capability in capturing multimodal action trajectory distributions.
Yet, they have not yet been tested on long-horizon manipulation tasks.

Another line of works casts the problem of robot manipulation as predicting a
sequence of discrete end-effector actions on keyframes [91, 93, 304, 395]. This paradigm
extracts keyframes from continuous demonstrations and predicts end-effector actions
in these keyframes [91, 199, 311, 312]. Subsequently, a low-level path planner connects
the predicted keyposes (macro-actions), and returns full trajectories that adhere to
both environmental and task constraints. Leveraging recent advances in attention-
based architectures [342], a number of methods extend keyframe action prediction to
6-DoF language-instructed manipulation tasks [91, 103, 199, 311, 312].

The assumptions behind keyframe prediction hinder its applicability to manipu-
lation tasks that extend beyond pick-and-place type of actions. Many tasks, such
as wiping a table, opening a door while respecting the kinematic constraints, etc.,
can only be solved via continuous interactions with the environment. Moreover, the
dependence on low-level path planning further restricts these methods’ capability:
while a range of tasks need collision-free trajectories, other tasks, such as object push-
ing [103, 312, 338], necessitate that the motion planner disregards collision avoidance.
Although supervision for this additional reasoning is readily available in simulated
datasets [139], real-world human demonstrations typically lack such data, not to
mention that collision-free motion planning in the real world requires accurate state
estimation, which presents its own challenges.

In light of the above, we present ChainedDiffuser, a neural architecture that
unifies the two aforementioned paradigms. ChainedDiffuser is a policy architecture
that takes as input visual signals and, optionally, a language instruction and outputs
temporally dense end-effector actions. At a coarse level, it predicts macro-step end-
effector actions (which we will call macro-actions), a high-level task that requires

global comprehension of the visual environment and the task to complete, with
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a global transformer-based action predictor. Then, a low-level trajectory diffuser
generates local trajectory segments to connect the predicted macro-actions. In
comparison to transformer-based macro-step prediction methods [103, 199, 311, 312],
our model predicts smooth trajectories to accommodate tasks that require continuous
interactions and collision-free actions. In comparison to diffusion-only trajectory
generation methods [38, 143, 286, 339], our hierarchical approach handles long-horizon
tasks in a more structured manner and allows different modules to concentrate on
the tasks at which they excel.

We test ChainedDiffuser on RLBench [139], an established benchmark for ma-
nipulation learning from demonstrations. We evaluate our model across a variety
of tasks and scenarios studied in previous literature [103, 199]. ChainedDiffuser
sets a new state of the art, and outperforms ablative versions that do not pre-
dict macro-actions or use regression or motion planners for keyframe-to-keyframe
trajectory prediction. Furthermore, we validate our model in real-world scenar-
ios with a number of long-horizon manipulation tasks, using a handful of human
demonstrations for training. Code and videos are available at our project website:

https://chained-diffuser.github.io/.

7.2 Related Work

Learning from Demonstrations [10, 267] has been a common paradigm for
robotics but requires demonstration data collection in the real world [19, 324, 389]
or simulation [139, 150, 246]. To improve data efficiency, several approaches learn
the policy on top of pre-trained visual representations that exploit large vision-only
datasets [249, 259, 277, 305, 306, 367]. Orthogonal to this, other approaches abstract
every task as a sequence of subgoals, expressed as pick-and-place primitives [311, 395]
or keyframes [138, 140]. In this case, hand-designed low-level controllers are employed
to plan the end-effector’s motion between intermediate subgoals. While data-efficient,
this abstraction does not generalize adequately to scenarios where only few specific
trajectories that respect all physical constraints are valid [140], such as manipulations
of deformable [365, 373] or articulated [89] objects, motions of closed-chain robotic
systems [326, 362], or trajectories through obstacles in a cluttered environment [80].

As a result, recent works resort to semi-manual cost specification for each additional
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constraint (e.g., collision avoidance, trajectory smoothness [339]). Closer to our
approach, James et al. [140] learn to score trajectories proposed by either hand-
designed or learning-based planners. Instead, we train scene conditioned diffusion
models to generate trajectories that connect predicted keyposes.

Transformers for Robotics Following their success in natural language pro-
cessing [22, 57, 342] and computer vision [65, 115], numerous recent works use
Transformer-based architectures for robotics and control [19, 27, 91, 142, 206, 278].
One main motivation is the flexibility of attention for long-horizon prediction when
combining information from multiple sensory streams, such as visual observations and
language instructions [66, 199]. Most related to ours is the stream of multi-tasking
Transformer-based models, that are trained on diverse datasets to achieve higher
in-distribution [103, 312] or out-of-distribution generalization [19, 180, 371, 372]. Our
model comprises of two attention-based modules, one for macro-step action prediction
and one for local trajectory optimization, that can leverage different input modalities
and operate over different abstractions.

Diffusion Models [118, 252, 320, 321] learn to approximate the data distribu-
tion through an iterative denoising process, and have shown impressive results on
both unconditional and conditional image generation [58, 280, 292, 298]. In the
field of robotics, diffusion models find applications on planning [4, 125, 143], scene
re-arrangement [159, 208], controllable motion optimization [147, 409], video gener-
ation [71] and imitation learning [38, 286]. Their main advantage is that they can
better capture the action trajectory distribution compared to previous generative
models. Recent works use diffusion model to predict complete trajectories, often auto-
regressively [38, 261]. Instead, we use diffusion models to generate local trajectories

that are chained together with macro-actions.

7.3 ChainedDiffuser

7.3.1 Overview

The architecture of ChainedDiffuser is illustrated in Figure 7.1. ChainedDiffuser
combines macro-action prediction with conditional trajectory diffusion. Its input

comprises of visual observations of the environment and a natural language description
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Figure 7.1: ChainedDiffuser is a robot manipulation policy architecture that predicts
a set of robot keyposes and links them using predicted trajectory segments. It featurizes
input multi-view images using pre-trained 2D image backbones and lifts the resulting 2D
feature maps to 3D using sensed depth. In (b) we visualize the 3D feature cloud using PCA
and keeping the 3 principal components, mapping them to RGB. The model then predicts
end-effector keyposes using coarse-to-fine attention operations to estimate a 3D action map
for the end-effector’s 3D location and regress the robot’s 3D orientation, similar to [91] (d).
It then links the current end-effector pose to the predicted one with a trajectory predicted
using a diffusion model conditioned on the 3D scene feature cloud and predicted keypose

(e).

[ of the task. At each step, ChainedDiffuser predicts a macro-action a; using a global
policy Tgioba, and then feeds a, together with its current end-effector state g, to
a low-level local trajectory generator m,eai(q:, @;) to generate dense micro-actions
connecting ¢; and a;, as shown in Figure 7.1. Both a, and ¢, share the same space
A = {apos, Grot, Ggrip }, consisting of the end-effector’s 3D position apes, rotation a
represented as a 4D quaternion, and a binary flag ag, indicating whether the gripper
is open. For each task, we assume access to a dataset D = {(1, (s, ..., } of m expert

demonstrations, where (; contains the language instructions [, visual observations o
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and end-effector states ¢, for all timesteps in the demonstration.

Input Encoding ChainedDiffuser operates in a 3D space to achieve robustness
across changing camera viewpoints — an important advantage over prior 2D methods
which assume fixed camera viewpoints [38, 103, 199]. Compared to prior robotic
architectures which rely on voxel-based 3D representation (e.g., [140, 312]), Chained-
Diffuser employs a point-based representation, that facilitates sparse computation
and circumvents precision loss during voxelization. ChainedDiffuser uses a frozen
CLIP [276] to encode both the language instruction [ and the RGB images o; into a
set of language and visual feature tokens respectively. Then, it uses the depth channel
information to unproject the 2D image feature tokens into a 3D feature cloud (Figure
7.1(b)), where each visual token has 2D appearance information and 3D positional

information. We also encode the proprioception information ¢; with a simple MLP.

7.3.2 Macro-Action Predictor

Our macro-action predictor mgopal is based on Act3D [91], a state-of-the-art macro-
action prediction method that uses a point-based transformer that casts end-effector
action prediction as 3D action map prediction. We include its main pipeline here for
completeness. Act3D samples iteratively 3D point candidates and featurizes them
using relative position attentions to a scene 3D feature cloud. Then, a trainable
query token Zery is used to score a pool of N point candidates {P; = (z;,y;, 2;) }¥ 4
in the scene and select a position for next macro-action. The point candidates are
first uniformly sampled within the robot’s empty workspace and only contain 3D
positional information and a trainable feature embedding Z,in;. The query token and
the point candidates individually attend to the concatenation (across the sequence
dimension) of language tokens Zj,, visual feature tokens Z;; and proprioception
token Zohot (Figure 7.1(d)):

Z~query = Attn (uneryu <Zi]fls7 Zvisa Zrobot>> (7 ]-)

Zpoint = Attn <Zpoint> <Zin57 Zvis> Zrobot)) (72)
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where Attn(z,y) is an attention operation [222, 342] where the queries are formed from
x, the keys and values from y. After this contextualization step, the query token and
the point candidates have captured the task and scene information. We take the dot
product of the contextualized query embedding with all point candidates and select

the best-matching point candidate for the position of the predicted macro-action:

~ ~

CALPG‘S = <$%’ yi? Z£>7 = argmax unery ) Zpi)oint (73)
7
Once we obtain the best point candidate, we predict the rotation and gripper open

flag with a simple MLP on top of the query:

<drot7 CALg1rip> - MLP(unery) (74)

7.3.3 Local Trajectory Diffuser

Once we obtain the macro-action a, for the current step ¢, we call upon our diffusion-
based local trajectory generator to fill up the gap in-between with micro-actions. We
model such trajectory generation as a denoising process [38, 118, 339]: we start with
drawing a sequence of S random Gaussian samples {xX}%_, in the normalized SE(3)

space, and then perform K denoising iterations to transform the noisy trajectories to

a sequence of noise-free waypoints {x°}2_,. Each denoising iteration is described by:
xETE = N (xXF = qreo(XEB) + N(0,08), 1<s<S (7.5)

where €5 is the noise prediction network, k the denoising step, N (0, 021) the Gaussian
noise added at each iteration, and A, 0r are scalar noise schedule functions
dependent on k (Appendix F.1).

The noise prediction network (Figure 7.1 (e)) is also an attention-based model that
absorbs similar input as the macro-action selector does, i.e., the language instruction
[, RGB-D observations o; and current end-effector state ¢;, but additionally conditions
on the goal macro-action a; and the denoising timestep k. The language tokens Zis,
visual tokens Z;; and current end-effector state Z.,,0; are featurized similarly to
the Macro-Action Selector. We use an MLP to encode the goal macro-action into

Zmacro = MLP(a;). We encode the denoising timestep into Zi,. using sinusoidal
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positional embeddings [342], and encode the the sampled noise using an MLP into a
sequence of tokens Z¥. We let this sequence iteratively cross-attend to all encoded

inputs first:
Z~§ = Attn(Zf,(st, ZviSa Zrobot7 Zmacr07 Ztime>)7

and then self-attend to obtain a finalized Z* (note that we reuse the same symbol for

presentation clarity):
ZF = Attn(Z2F, 25

Again, we use relative positional embeddings to encode all tokens’ spatial positions.
For the trajectory noise tokens, we additionally encode each sample’s temporal
position s using sinusoidal positional embeddings. These are added to the respective
noise tokens Z¥. The contextualized noise sample is then fed into another MLP for

noise regression:
eo(x" k) = MLP(ZF) (7.6)

After K denoising steps by substituting Equation 7.6 into 7.5, we convert the
denoised samples back to the actual micro-actions by unnormalizing them: a; 1,4 =
Unnormalize(x?), 1< s < S. For more implementation and training details, please
see the Appendix 7.3.4.

Noise schedulers We model local trajectory optimization as a discrete-time dif-
fusion process, which we implement using the DDPM sampler [118]. DDPM uses a
non-parametric time-dependent noise variance scheduler (i, which defines how much
noise is added at each time step. We adopt a scaled linear schedule for the position

and a squared cosine schedule for the rotation of each trajectory step.

7.3.4 Implementation and Training Details

ChainedDiffuser takes as input m multi-view RGB-D images of the scene. For

experiments in simulation, we use m = 3 (left, right, wrist) or m = 4 (with an
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additional front view), depending on the settings of the baselines we compare with.
For real-world experiments, we use k = 1, with a single front-view camera. Each
RGB-D image is 256 x 256 and is encoded to 64 x 64 visual tokens with CLIP’s
ResNet50 visual encoder [276]. The demonstration data contains end-effector states
for all timesteps. In order to extract macro-actions to supervise the action selection
transformer, we use a simple heuristic following previous literature [103, 199, 312]:
a timestep is considered to be a keyframe containing macro-action if the gripper
opens or closes, or if the robot arm is not moving (when all joint velocities approach
zero). All dense actions present in the demonstration are used to supervise the local
trajectory diffuser. We resample the dense trajectories between extracted macro-
actions to a trajectory of fixed length S = 50. We found in practice, denoising fixed
number of micro-actions leads to more stable training, and works better than learning
variable-length trajectory diffusion with predicted trajectory length. We train both
the action detector and the trajectory diffuser jointly, using a cross-entropy (CE) loss
to supervise the point candidate selection by predicting a probability distribution
q over all point candidates in the pool, and mean-sqaured error (MSE) losses to

supervise quaternion, gripper opening and trajectory noise regression:

t+S-1

||<|ZZ CE(q({PI").q"({P}")) + MSE(a;, a7) z MSE(eo (x5, k), 1) |

CED fe¢

(7.7)

where * indicates predicted value, a; = (Gyot, dgrip), £ is @ randomly sampled denoising
step, and ¢ is the sampled ground truth noise. In order to speed up training in
practice, we train the first 2 terms till convergence, and then add the 3rd term for
joint optimization, as opposed to using ground-truth macro-actions for training the
trajectory diffuser. This allows the trajectory diffuser to incorporate certain error
recovery capability to handle inaccurate macro-action predictions. In addition, at test
time, we normalize the predicted quaternion to ensure it respects the normalization
constraint before feeding it to the robot. We use a batch size of B = 24 and AdamW
[219] optimizer with a learning rate of le — 4 for all our experiments. Our single-task
model is trained for 1 day on one A100 GPU, and multi-task model is trained for 5
days on 4 A100 GPUs.
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Figure 7.2: Simulation and real-world tasks we evaluate on.

Control Our control algorithm is closed-loop at the macro-action level, which
means the macro-action predictor reasons about the surroundings and predicts actions
to handle environment changes. At the low-level, our controller is open-loop and
follows a Cartesian-space end-effector trajectory composed of the predicted micro-
actions using position control, with a control frequency of 10Hz. For our real-robot

setup, we use the open source frankapy package [399] with ROS, which uses a
low-level PID controller at 1kHz.

7.4 Experiments

We test ChainedDiffuser in various manipulation tasks in both simulated and real-

world environments. Our experiments aim to answer the following questions:

e How does ChainedDiffuser compare to previous SOTA 2D and 3D manipulation
methods?

¢ Is macro-action prediction helpful in guiding trajectory generation?
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Table 7.1: Success rates in 10 single-tasks of the Hiveformer experimental setting.

pick pick-up push put put reach slide stack take take

& lift cup button knife money target block wine money umbrella Mean
Auto-X [203] 87 78 95 31 62 100 36 23 38 37 55.0
HiveFormer [103] 92 7 100 70 96 100 95 82 82 90 88.4
InstructRL [199] 98 85 100 85 99 100 98 93 90 93 93.8
ChainedDiffuser (ours) | 98 94 96 91 98 100 95 90 100 96 95.8

¢ Does ChainedDiffuser work in the real-world where only a single camera and

limited number of demonstrations are available?

7.4.1 Simulation Experiments

We run experiments in simulation using RLBench [139], a widely adopted manipulation

benchmark with diverse tasks concerning interactions with a wide range of objects,

as shown in Figure 7.2. We follow the same setting used in prior works [103, 199],

where each task has multiple variations and contains 100 demonstrations. We report

success rates in each task averaged over 100 unseen test episodes. For baselines, when

possible, we use the official numbers reported in their papers.

Baselines We compare ChainedDiffuser with the following baselines:

1.

Auto-\ [203] and HiveFormer [103], policy learners that operate on multi-view

2.5D images and predict actions by offseting detected points in the input images.

. InstructRL [199], a policy that operates on multi-view 2D images with pre-

trained vision and language encoders, and directly predicts 6-DoF end-effector

actions.

. Act3D [91], a policy that predicts keyframe end-effector macro-actions with

a 3D action detection transformer and relies on low-level motion planner to

connect macro-actions.

Open-loop trajectory diffusion, which is ChainedDiffuser without the macro-

action detector, making it a trajectory diffusion model.

. Act3D+ trajectory regression, which replaces the local trajectory diffuser in

ChainedDiffuser with a deterministic trajectory regression
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Table 7.2: Success rates on challenging tasks for motion planners.

unplug close open open frame off open books on wipe cup in shoes out M

charger door box fridge hanger oven shelf desk cabinet of box can
Act3D [91] 48 9 9 19 66 2 34 4 0 19 21.0
Open-loop trajectory diffusion 65 21 46 37 43 16 40 34 6 9 31.7
Act3D + trajectory regression 95 5 95 60 s 17 68 70 40 67 59.6
ChainedDiffuser (ours) | 95 76 96 68 85 86 92 65 68 78 | 80.9

Dataset We consider the following single-task experimental settings:

e 10 tasks considered in the Auto-A [203] experimental setup. These tasks are
considered by many prior works and this allows us to compare our performance
with them.

e 10 tasks in RLbench we identify to require continuous interaction with the
environment, such as wipe_desk where a wiping trajectory is needed to remove
the dirt from a desk, and open_fridge where a local trajectory needs to adhere
to the kinematic constraint when the robot is grasping the door handle. Most
tasks in RLBench can be reasonably solved with only macro-action prediction
and motion planners. This set of tasks we consider highlights the limitation of

these approaches.

Results We train single-task ChainedDiffuser and the baselines. For Auto-)\,
HiwveFormer and InstructRL we use the numbers reported in the corresponding papers.
We show quantitative results in Tables 7.1 and 7.2. ChainedDiffuser consistently
achieves better performance than prior methods on all task categories. On the set of
challenging tasks for motion planners, ChainedDiffuser gives a significant boost of
60% on average. ChainedDiffuser improves upon open-loop trajectory diffusion model,
which demonstrates that delegating global macro-action prediction to a high-level
policy to guide local trajectory diffusion helps. Act3D+ trajectory regression struggles
where multi-modal trajectories are present in demonstrations, e.g. cup_in_cabinet
where multimodal trajectories exist for grasping the cup and feeding into the cabinet
in the training set. This demonstrates that modeling trajectory generation as a
multi-step denoising process is advantageous over regression-based model, which

aligns with conclusions from previous literature [38].
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7.4.2 Real-world Experiments

We conduct experiments with a real-world setup, using a Franka Emika Panda robot
with a parallel-jaw gripper. We use a single Azure Kinect camera to collect front-view
RGB-D image input. See Appendix F.2 for more details on our hardware and data
collection setup. We design 7 tasks that involve multi-step actions and continuous
interactions with the scene (5 are shown in Figure 7.2), collected 10 — 20 demos
for each tasks, and train a multi-task ChainedDiffuser for real-world deployment.

We refer the reader to our supplemen-

tary video for qualitative executions of Task 4 Train Success

the robot. We evaluate it on 10 episodes

for each task, and report success rates in put mask in kit 20 6/10
Table 7.3. ChainedDiffuser is able to per- fold and wipe coffee 20 8/10
form reasonably well on most of the tasks, stack cups 15 7/10
even for tasks with multiple action modes spread dough 15 7/10
and skills. The most common failure case fold and wip beans 20 6/10
is caused by noisy depth image: we lever- put nails in box 20 6/10
age point selection for macro-action pre- press stapler 10 10/10
diction, which would suffer from incorrect Table 7.3: Real-world tasks.

depth estimation in the real world. This
could potentially be resolved by more accurate camera calibration with a multi-view
camera setup and learning to recover from noisy input, which we leave as our future

work.

7.4.3 Limitations

Our method currently has the following limitations: 1) Our trajectory diffuser is
conditioned on end-effector poses in SE(3) space. It would be ideal to extend it to
full joint configuration space for more flexible trajectory prediction. 2) Our model
performs closed-loop control on the macro-action level, which restricts its flexibility in
highly dynamic environments. That said, our framework can be easily extended with
closed-loop re-planning at the micro-action level, making the policy more robust to
environment dynamics, which we leave as our future work. 3) Following the standard

setting in RLBench, our method assumes access to calibrated cameras. We believe
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this assumption is valid as mobile robots performing household tasks for humans in
the future should have cameras attached to the robots, where these cameras can be

calibrated when coming out of the factories.

7.5 Conclusion

We presented ChainedDiffuser, a neural policy architecture for learning 6-DoF robot
manipulation from demonstrations. Our model achieves competitive performance
on various task settings, in both simulation and the real-world. Our experiments
demonstrate that by unifying both transformer-based macro-action detection and
diffusion-based trajectory generation, ChainedDiffuser achieves the best of both
families and addresses their respective limitations. ChainedDiffuser outperforms both
keyframe prediction methods and trajectory diffusion alone, which justifies their
unification in our framework. It sets a new state-of-the-art in RLbench, and especially
improves performance on contact-rich tasks and tasks that involve articulated objects,

where methods that rely on hand designed planners typically struggle.

7.6 Acknowledgements

This work is supported by Sony AI, NSF award No 1849287, DARPA Machine
Common Sense, an Amazon faculty award, and an NSF CAREER award.

104



Chapter 8

3D Diffuser Actor: Policy Diffusion

with 3D Scene Representations

ChainedDiffuser unifies non-generative keypose prediction and diffusio-based trajec-
tory planning. A natural question is whether the two objectives can be combined
and jointly optimized - keypose prediction is also multimodal and should also benefit
from generative modeling. This motivated the development of 3D Diffuser Actor, the

first end-to-end 3D diffusion policy for manipulation.

8.1 Introduction

Many robot manipulation tasks are inherently multimodal: at any point during task
execution, there may be multiple actions which yield task-optimal behavior. Indeed,
human demonstrations often contain diverse ways that a task can be accomplished.
A natural choice is then to treat policy learning as a distribution learning problem:
instead of representing a policy as a deterministic map m(z), learn the entire distri-
bution of actions conditioned on the current robot state p(y|z) [108, 116, 307, 336].

Recent works use diffusion objectives for learning such state-conditioned action
distributions for robot manipulation policies from demonstrations [38, 261, 286]. They

outperform deterministic or other alternatives, such as variational autoencoders [228],

This chapter is based on the paper previously published at CoRL 2024 [165]
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mixture of Gaussians [37], combination of classification and regression objectives [307],
or energy-based objectives [81]. They typically use either low-dimensional (oracle)
states [261] or 2D images [38] as their scene representation.

At the same time, 3D robot policies build scene representations by “lifting” features
from perspective views to a 3D robot workspace based on sensed depth and camera
extrinsics [91, 95, 122, 140, 312, 396]. They have shown to generalize better than 2D
robot policies across camera viewpoints and to handle novel camera viewpoints at
test time [91, 95]. We conjecture this improved performance comes from the fact that
the visual scene tokens and the robot’s actions interact in a common 3D space, that
is robust to camera viewpoints, while in 2D policies the neural network need to learn
the 2D-to-3D mapping implicitly.

In this work, we marry diffusion for handling multimodality in action predic-
tion with 3D scene representations for effective spatial reasoning. We propose
3D Diffuser Actor, a novel 3D denoising policy transformer that takes as input a
tokenized 3D scene representation, a language instruction and a noised end-effector’s
future translation and rotation trajectory, and predicts the error in translations
and rotations for the robot’s end-effector. The model represents both the scene
tokens and the end-effector locations in the same 3D space and fuses them with
relative-position 3D attentions [309, 325], which achieves translation equivariance
and helps generalization.

We test 3D Diffuser Actor in learning robot manipulation policies from demon-
strations on the simulation benchmarks of RLBench [139] and CALVIN [236], as well
as in the real world. 3D Diffuser Actor sets a new state-of-the-art on RLBench with
a 18.1% absolute gain on multi-view setups and 13.1% on single-view setups, outper-
forming existing 3D policies and 2D diffusion policies. On CALVIN, it outperforms
the current SOTA in the setting of zero-shot unseen scene generalization by a 9%
relative gain. We further show 3D Diffuser Actor can learn multi-task manipulation
in the real world across 12 tasks from a handful of real-world demonstrations. We
empirically show that 3D Diffuser Actor outperforms all existing policy formulations,
which either do not use 3D scene representations, or do not use action diffusion. We
further compare against ablative versions of our model and show the importance of
the 3D relative attentions.

Our contributions: The main contribution of this work is to combine 3D scene
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representations and diffusion objectives for learning robot policies from demonstrations.
3D robot policies have not yet been combined with diffusion objectives. An exception
is ChainedDiffuser [364], that uses diffusion models as a drop-in replacement for
motion planners, rather than manipulation policies, since it relies on other learning-
based policies (Act3D [91]) to supply the target 3D keypose to reach. We compare
against ChainedDiffuser in our experiments and show we greatly outperform it.

Concurrent work: Concurrent to our effort, 3D diffusion policy [393] shares a
similar goal of combining 3D representations with diffusion objectives for learning
manipulation from demonstrations. Though the two works share the same goal, they
have very different architectures. Unlike 3D Diffuser Actor, the model of [393] does
not condition on a tokenized 3D scene representation but rather on a holistic 1D
embedding pooled from the 3D scene point cloud. We compare 3D Diffuser Actor
against [393] in our experiments and show it greatly outperforms it. We believe this
is because tokenized scene representations, used in 3D Diffuser Actor, are robust to
scene changes: if a part of the scene changes, only the corresponding subset of 3D
scene tokens is affected. In contrast, holistic scene embeddings pooled across the
scene are always affected by any scene change. Thanks to this spatial disentanglement
of the 3D scene tokenization, 3D Diffuser Actor generalizes better.

Our models, code and videos of our manipulation results are available at http:
//3d-diffuser-actor.github.io/.

8.2 Related Work

Learning manipulation policies from demonstrations Earlier works on learning
from demonstrations train deterministic policies with behavior cloning [16, 266]. To
better handle action multimodality, approaches discretize action dimensions and use
cross entropy losses [225, 312, 396]. Generative adversarial networks [61, 116, 336],
variational autoencoders [228], combined Categorical and Gaussian distributions
[46, 103, 307] and Energy-Based Models (EBMs) [81, 93, 330] have been used to learn
from multimodal demonstrations. Diffusion models [117, 320] are a powerful class of
generative models related to EBMs in that they model the score of the distribution,
else, the gradient of the energy, as opposed to the energy itself [299, 317]. The key

idea behind diffusion models is to iteratively transform a simple prior distribution
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into a target distribution by applying a sequential denoising process. They have
been used for modeling state-conditioned action distributions in imitation learning
[241, 261, 286, 296, 340, 355] from low-dimensional input, as well as from visual
sensory input, and show both better mode coverage and higher fidelity in action

prediction than alternatives.

Diffusion models in robotics Beyond policy representations in imitation learning,
diffusion models have been used to model cross-object and object-part arrangements
(76, 93, 209, 241, 316], visual image subgoals [5, 14, 50, 160], and offline reinforcement
learning [26, 106, 376]. ChainedDiffuser [364] proposes to replace motion planners,
commonly used for keypose to keypose linking, with a trajectory diffusion model
that conditions on the 3D scene feature cloud and the predicted target 3D keypose
to denoise a trajectory from the current to the target keypose. It uses a diffusion
model that takes as input 3D end-effector keyposes predicted by Act3D [91] and a
3D representation of the scene to infer robot end-effector trajectories that link the
current end-effector pose to the predicted one. 3D Diffuser Actor instead predicts the
next 3D keypose for the robot’s end-effector alongside the linking trajectory, which is
a much harder task than linking two given keyposes. 3D Diffusion Policy [393] also
combines 3D scene representations with diffusion objectives but uses 1D point cloud
embeddings. We compare against both ChainedDiffuser and 3D Diffusion Policy in
our experimental section and show we greatly outperform them.

2D and 3D scene representations for robot manipulation End-to-end image-
to-action policy models, such as RT-1 [19], RT-2 [20], GATO [284], BC-Z [141],
RT-X [255], Octo [253] and InstructRL [199] leverage transformer architectures for
the direct prediction of 6-DoF end-effector poses from 2D video input. However, this
approach comes at the cost of requiring thousands of demonstrations to implicitly
model 3D geometry and adapt to variations in the training domains. 3D scene-to-
action policies, exemplified by C2F-ARM [140] and PerAct [312], involve voxelizing
the robot’s workspace and learning to identify the 3D voxel containing the next
end-effector keypose. However, this becomes computationally expensive as resolution
requirements increase. Consequently, related approaches resort to either coarse-to-
fine voxelization, equivariant networks [122] or efficient attention operations [133] to
mitigate computational costs. Act3D [91] foregoes 3D scene voxelization altogether;

it instead computes a 3D action map of variable spatial resolution by sampling 3D
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points in the empty workspace and featurizing them using cross-attentions to the 3D
physical scene points. Robotic View Transformer (RVT) [95] re-projects the input
RGB-D image to alternative image views, featurizes those and lifts the predictions to
3D to infer 3D locations for the robot’s end-effector.

3D Diffuser Actor builds upon works of Act3D [91] from 3D policies and upon the
works of [38, 340] from diffusion policies. It uses a tokenized 3D scene representation,
similar to [91], but it is a probabilistic model instead of a deterministic one. It does
not sample 3D points and does not infer 3D action maps. It uses diffusion objectives
instead of classification or regression objectives used in [91]. In contrast to [316, 340],
it uses 3D scene representations instead of 2D images or low-dimensional states.
We compare against both 2D diffusion policies and 3D policies in our experiments
and show 3D Diffuser Actor greatly outperforms them. We highlight the differences
between our model and related models in Figure G.2 in the Appendix, and we refer to
Figures G.3 and G.4 for more architectural details of 3D Diffuser Actor and Act3D.

8.3 Method

3D Diffuser Actor is trained to imitate demonstration trajectories of the form of
{(01,a1), (09,a2), ...}, accompanied with a task language instruction [, similar to
previous works [91, 138, 312, 359], where o, stands for the visual observation and a;
stands for robot action at timestep t. Each observation o; is one or more posed RGB-D
images. Each action a,; is an end-effector pose and is decomposed into 3D location,
rotation and binary (open/close) state: a, = {al°® € R? al°* € R a;*" € {0,1}}. We
represent rotations using the 6D rotation representation of [411] for all environments
in all our experiments, to avoid the discontinuities of the quaternion representation.
We will use the notation 7, = (&%, 1, ajo' 1) to denote the trajectory of 3D locations
and rotations at timestep ¢, of temporal horizon 7. Our model, at each timestep ¢
predicts a trajectory 7y and binary states ap),, 7.

The architecture of 3D Diffuser Actor is shown in Figure 8.1. It is a conditional
diffusion probabilistic model [118, 320] of trajectories given the visual scene and a
language instruction; it predicts a whole trajectory 7 at once, non autoregressively,
through iterative denoising, by inverting a process that gradually adds noise to a

sample 7°. The diffusion process is associated with a variance schedule {3% € (0, 1)},
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(c) Real-world multi-task manipulation tasks

Figure 8.1: Overview of 3D Diffuser Actor. (a) 3D Diffuser Actor is a condi-
tional diffusion probabilistic model of robot 3D trajectories. At diffusion step i,
it converts the current noised estimate of the robot’s future action trajectory 7¢,
the posed RGB-D views o, and proprioceptive information ¢ to a set of 3D tokens.
It fuses information among these 3D tokens and language instruction tokens [ us-
ing 3D relative denoising transformers to predict the noise of 3D robot locations
e¢(o,1,c,7',4) and the noise of 3D robot rotations €;°(o,l,c,7%,4). (b) During
inference, 3D Diffuser Actor iteratively denoises the noised estimate of the robot’s
future trajectory. (c) 3D Diffuser Actor works in the real world and captures the

multiple behavioural modes in the training demonstrations.

which defines how much noise is added at each diffusion step. The noisy version of
sample 7° at diffusion step i can then be written as 7° = VaiT? + v/1 — a’e, where
e ~N(0,1) is a sample from a Gaussian distribution (with the same dimensionality
as %), ' =1— ' and &' = szl al.

3D Relative Denoising Transformer 3D Diffuser Actor models a learned gradient
of the denoising process with a 3D relative transformer ¢ = €y(7/;1, 04,1, ¢;) that takes

as input the noisy trajectory 7/ at timestep ¢, diffusion step 7, and conditioning infor-
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mation from the language instruction [, the visual observation o, and proprioception
¢; of timestep t, to predict the noise component €. At each timestep ¢ and diffusion
step 7, we convert visual observations o;, proprioception ¢; and noised trajectory
estimate 7/ to a set of 3D tokens. Each 3D token is represented by a latent embedding
and a 3D position. Our model fuses all 3D tokens using relative 3D attentions, and
additionally fuses information from the language instruction using normal attentions,
since it is meaningless to define 3D coordinates for language tokens. Next, we describe
how we featurize each piece of input (when not ambiguous, we omit the subscript ¢

for clarity).

3D tokenization At each diffusion step i, we represent the noisy estimate 7° of the
clean trajectory 7% as a sequence of 3D trajectory tokens, by mapping each noisy pose
a’ of 7%, to a latent embedding vector with a MLP, and a 3D position which comes

loc,i

from the noised 3D translation component a**“*. We featurize each image view using

a 2D feature extractor and obtain a corresponding 2D feature map F' € RH*Wxe

where ¢ is the number of feature channels and H, W the spatial dimensions, using
a pre-trained CLIP ResNet50 2D image encoder [276]. Given the corresponding
depth map from that view, we compute the 3D location (X,Y,Z) for each of the
H x W feature patches by averaging the depth value inside the patch extent. We map
the pixel coordinate and depth value of a patch to a corresponding 3D coordinate
using camera intrinsics and extrinsics and the pinhole camera model. This results
in a 3D scene token set of cardinality H x W. Each scene token is represented by
the corresponding patch feature vector [} ,, the feature vector at the corresponding
patch coordinate (z,y), and a 3D position. If more than one views are available, we
aggregate 3D scene tokens from each, to obtain the final 3D scene token set. The
proprioception c is also a 3D scene token, with a learnable latent representation and
the 3D positional embedding corresponding to the end-effector’s current 3D location.
Lastly, we map the language task instruction to language tokens using a pre-trained
CLIP language encoder, following previous works [91].

Our 3D Relative Denoising Transformer applies relative self-attentions among all
3D tokens, and cross-attentions to the language tokens. For the 3D self-attentions, we
use the rotary positional embeddings [325] to encode relative positional information
in attention layers. The attention weight between query ¢ and key k is written

as: eqr X Xp M(pg — Pr)Xk, Where X, / x5, and p, / pi denote the features and
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3D positions of the query / key, and M is a matrix function which depends only
on the relative positions of the query and key, inspired by recent work in visual
correspondence [94, 186] and 3D manipulation [91, 364]. We feed the final trajectory
tokens to MLPs to predict: (1) the noise €X°(0,l, ¢, 7%,4) and €, (0,1, ¢, 7%,i) added
to 7%’s sequence of 3D translations and 3D rotations, respectively, and (2) the
end-effector opening f;**" (0,1, ¢, 7",4) € [0,1].

Training and inference During training, we randomly sample a time step ¢ and a
diffusion step i and add noise € = (€'°¢, €') to a ground-truth trajectory 7°. We use
the L1 loss for reconstructing the sequence of 3D locations and 3D rotations. We use
binary cross-entropy (BCE) loss to supervise the end-effector opening f,**", we use

the prediction from i=1 at inference time. Our objective reads:

Lo = w1 ||(ef(0,1,¢, 7% 1) — €°°|| + wa| (€5 (0,1, ¢, T8, 4) — &°Y| + BCE(f,"*" (0,1, e, T 1),a),

where wy,wy are hyperparameters estimated using cross-validation. To draw
a sample from the learned distribution py(7|o,l, c), we start by drawing a sample
75 ~ N(0,1). Then, we progressively denoise the sample by iterated application of €,

N times according to a specified sampling schedule [117, 321], which terminates with

To sampled from py(7): 771 = = <’Ti — V%ee(o,l,c, Ti,i)> +

1-git+!
1—at
z ~ N (0,1) is a random variable of appropriate dimension. Empirically, we found

loc

[z, where

ol

rot

that using separate noise schedulers for a®® and a™", specifically, scaled-linear and

square cosine scheduler, respectively, achieves better performance.

Implementation details At training, we segment demonstration trajectories at
detected end-effector keyposes, such as a change in the open/close end-effector state or
local extrema of velocity /acceleration, following previous works [91, 138, 199, 312]. We
then resample each trajectory segment to have the same length 7. During inference,
3D Diffuser Actor can either predict and execute the full trajectory of actions up to
the next keypose (including the keypose), or just predict the next keypose and use a

sampling-based motion planner to reach it, similar to previous works [91, 103, 312].

Due to space limits, please check Section G.2.3 for detailed model diagram,
Section G.2.5 for our choice of hyper-parameters, Section G.2.6 for detailed formulation

of denoising diffusion probabilistic models and Section G.2.7 for discussion of noise
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schedulers in the Appendix.

8.4 Experiments
We test 3D Diffuser Actor in multi-task manipulation on RLBench [139] and CALVIN

[236], two established learning from demonstrations benchmarks, and in the real

world.

8.4.1 Evaluation on RLBench
RLBench is built atop the CoppelaSim [291] simulator, where a Franka Panda Robot

is used to manipulate the scene. On RLBench, our model and all baselines are trained
to predict the next end-effector keypose as opposed to keypose trajectory; all methods
employ a low-level motion planner BiRRT [176], native to RLBench, to reach the
predicted robot keypose. We train and evaluate 3D Diffuser Actor on two setups
based on the number of available cameras: 1. Multi-view setup, introduced in [312],
that uses a suite of 18 manipulation tasks, each with 2-60 variations, which concern
scene variability across object poses, appearance and semantics. There are four RGB-
D cameras available, front, wrist, left shoulder and right shoulder. The wrist camera
moves during manipulation. 2. Single-view setup, introduced in [391], that uses a
suite of 10 manipulation tasks. Only the front RGB-D camera view is available. We
evaluate policies by task completion success rate, which is the proportion of execution
trajectories that achieve the goal conditions specified in the language instructions
[91, 312].

Baselines All compared methods on RLBench are 3D policies that use depth and
camera parameters during featurization of the RGB-D input. We compare against
the following: C2F-ARM-BC [140] and PerAct [312] that voxelize the 3D workspace,
Hiveformer [103] that featurizes XYZ coordinates aligned with the 2D RGB frames,
PolarNet [29] that featurizes a scene 3D point cloud, GNFactor [391] that uses a single
RGB-D view and is trained to complete the 3D feature volume, RVT [95] and Act3D
[91], that are the previous SOTA methods on RLBench. We report results for RVT,
PolarNet and GNFactor based on their respective papers. Results for CF2-ARM-BC
and PerAct are presented as reported in [95]. Results for Hiveformer are copied from

[29]. We retrained Act3D on the multi-view setup using the publicly available code,
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Avg. open slide sweep to | meat off turn put in close drag stack
Success T | drawer block dustpan grill tap drawer jar stick blocks

C2F-ARM-BC [140] 20.1 20 16 0 20 68 4 24 24 0
PerAct [312] 49.4 88.0457 | 74.01130 | 52.0100 | 70.4490 | 88.0144 | 51.2447 | 552447 | 89.61471 | 26.4159
HiveFormer [103] 45 52 64 28 100 80 68 52 76 8
PolarNet [29] 46 84 56 52 100 80 32 36 92 4
RVT [95] 62.9 T1.2169 | 81.6454 | 72.0400 | 88.0425 | 93.6+141 | 88.0157 | 52.0425 | 992416 | 28.8439
Act3D [91] 63.2 7841112 | 96.0195 | 86.4465 | 95.2416 | 944100 | 912469 | 96.8130 | 80.8464 | 4.0136
3D Diffuser Actor (ours) 81.3 89.6441 | 97.6135 | 84.0144 | 96.8416 | 99.2416 | 96.0136 | 96.0405 | 100.049 | 68.3433

screw put in place put in sort push insert stack place

‘ bulb ‘ safe ‘ wine cupboard ‘ shape ‘ buttons ‘ peg ‘ cups ‘ cups ‘

C2F-ARM-BC [140] 8 12 8 0 8 72 4 0 0
PerAct [312] 176420 | 86.0136 | 44.8475 | 28.0444 | 168447 | 92.8439 5.6141 24495 24439
HiveFormer [103] 8 76 80 32 8 84 0 0 0
PolarNet [29] 44 84 40 12 12 96 4 8 0
RVT [95] 48.0457 | 91.2450 | 91.0452 | 49.6432 | 36.0405 | 100.0200 | 11.2450 | 26.4uss | 4.0105
Act3D [91] 32.8169 | 952440 | 592493 | 67.2130 | 29.6432 | 93.6100 | 24.0484 | 9.6160 3.2430

3D Diffuser Actor (ours) | 82.445¢ | 97.6.400 | 93.6145 | 85.6141 | 44.0044 | 984100 | 65.6441 | 47.2455 | 24.0476

Table 8.1: Evaluation on RLBench on the multi-view setup. We show
the mean and standard deviation of success rates average across all random seeds.
3D Diffuser Actor outperforms all prior arts on most tasks by a large margin. Vari-
ances are included when available.

Avg. close open sweep to | meat off turn slide put in drag push stack
Success 1 jar drawer | dustpan grill tap block drawer stick buttons | blocks
GNFactor [391] 31.7 25.3 76.0 28.0 57.3 50.7 20.0 0.0 37.3 18.7 4.0
Act3D [91] 65.3 52.0157 | 84.0186 | 80.0498 | 66.7419 | 64.0457 | 100.0400 | 54.7138 | 86.7119 | 64.0119 | 0.0400
3D Diffuser Actor 78.4 82.7419 | 89.3475 | 94.7419 | 88.0457 | 80.0456 | 92.04000 | 77.3435 | 98.7T119 | 69.3.450 | 12.0437

Table 8.2: Evaluation on RLBench on the single-view setup. 3D Diffuser Actor
outperforms prior state-of-the-art baselines, GNFactor and Act3D, on most tasks by
a large margin.

because we found some differences on the train and test splits used in the original
paper. We also trained Act3D on the single-view setup to use as additional baseline
for the single-view setup, alongside GNFactor. 3D Diffuser Actor and all baselines

are trained on the same set of keyposes extracted from expert demonstrations [138].

We show quantitative results for the multi-view setup in Table 8.1 and for single-
view setup in Table 8.2. On multi-view, 3D Diffuser Actor achieves an average 81.3%
success rate among all 18 tasks, an absolute improvement of +18.1% over Act3D,
the previous state-of-the-art. In particular, 3D Diffuser Actor achieves big leaps on
long-horizon high-precision tasks with multiple modes, such as stack blocks, stack cups
and place cups, which most baselines fail to complete. All baselines use classification

or regression losses, our model is the only one to use diffusion for action prediction.

On single-view, 3D Diffuser Actor outperforms GNFactor by +46.7% and Act3D
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‘ Avg. Success.

2D Diffuser Actor 47.0
3D Diffuser Actor w/o RelAttn. 71.3
3D Diffuser Actor (ours) 81.3

Table 8.3: Ablation study. Our model significantly outperforms its counterparts that
do not use 3D scene representations or translation-equivariant 3D relative attention.

by +13.1%. Surprisingly, Act3D also outperforms GNFactor by a big margin. This
suggests that the choice of 3D scene representation is more crucial than 3D feature
completion. Since Act3D has a similar 3D scene tokenization as 3D Diffuser Actor,
this shows the importance of diffusion over alternatives to handle multimodality in
prediction, specifically over sampling based 3D action maps and rotation regression.
Ablations We consider the following ablative versions of our model: 1. 2D Diffuser
Actor, our implementation of 2D Diffusion Policy of [38]. We remove the 3D scene
encoding from 3D Diffuser Actor and instead use per-image 2D representations by
average-pooling features within each view. We add learnable embeddings to distinguish
between different views and fuse them with action estimates, as done in [38]. 2.
3D Diffuser Actor w/o RelAttn., an ablative version that uses absolute (non-relative)
attentions.

We show ablative results in Table 8.3. 3D Diffuser Actor largely outperforms
its 2D counterpart, 2D Diffuser Actor. This shows the importance of 3D scene
representations in performance. 3D Diffuser Actor with absolute 3D attentions (3D
Diffuser Actor w/o RelAttn.) is worse than 3D Diffuser Actor with relative 3D
attentions. This shows that translation equivariance through relative attentions is
important for generalization. Despite that, this ablative version already outperforms
all prior arts in Table 8.1, proving the effectiveness of marrying 3D representations

and diffusion policies.

8.4.2 Evaluation on CALVIN

The CALVIN benchmark is built on top of the PyBullet [45] simulator and involves a
Franka Panda Robot arm that manipulates the scene. CALVIN consists of 34 tasks
and 4 different environments (A, B, C and D). All environments are equipped with

a desk, a sliding door, a drawer, a button that turns on/off an LED, a switch that
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controls a lightbulb and three different colored blocks (red, blue and pink). These
environments differ from each other in the texture of the desk and positions of the
objects. CALVIN provides 24 hours of tele-operated unstructured play data, 35%
of which are annotated with language descriptions. Each instruction chain includes
five language instructions that need to be executed sequentially. We evaluate on the
so called zero-shot generalization setup, where models are trained in environments
A, B and C and tested in D. We report the success rate and the average number of
completed sequential tasks, following previous works [235, 359]. No motion planner
is available in CALVIN so all models need to predict robot pose trajectories.
Baselines All methods tested so far in CALVIN are 2D policies, that do not use depth
or camera extrinsics. We compare against the hierarchical 2D policies of MCIL [226],
HULC [235] and SuSIE [14] which predict latent features or images of subgoals given
a language instruction, which they feed into lower-level subgoal-conditioned policies.
They can train the low-level policy on all data available in CALVIN as opposed to
the language annotated subset only. We compare against large scale 2D transformer
policies of RT-1 [19], RoboFlamingo [184] and GR-1 [359] which pretrain on large
amounts of interaction or observational (video alone) data. We report results for
HULC, RoboFlamingo, SuSIE and GR~1 from the respective papers. Results from
MCIL are borrowed from [235]. Results from RT-1 are copied from [359].

We also compare against 3D Diffusion Policy [393] and ChainedDiffuser [364],
which we train both on the language annotated training set. We evaluate 3D Diffusion
Policy, ChainedDiffuser and 3D Diffuser Actor with the final checkpoints across 3
seeds. We report both the mean and standard deviation of evaluation results. We
devise an algorithm to extract keyposes on CALVIN, since prior works do not use
keyposes. We define keyposes as those at frames with significant motion change.
Both ChainedDiffuser and 3D Diffuser Actor segment the demonstations based on
the keyposes. Notably, though keyposes extracted in RLBench have clear structure
since they correspond to programmatically labeled 3D waypoints [138, 139], keyposes
extracted in CALVIN are instead noisy and random, as the benchmark consists of
human play trajectories.

For evaluation, prior works [14, 184, 235] predict a maximum temporal horizon of
360 actions to complete each task, while, on average, ground-truth trajectories are

only 60 actions long. Our model predicts trajectories and replans after each trajectory
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Train Task completed in a row

episodes 1 2 3 4 5 Avg. Len
3D Diffusion POhCy [393] Lang 28.7i0_4 2.7;{:0_4 O-Oig_o 0.0ig_g 0.0ig_g 0-31j:0.0/1
MCIL [226] All 30.4 1.3 0.2 0.0 0.0 0.31
HULC [235] All 41.8 16.5 5.7 1.9 11 0.67
RT-1 [19] Lang 53.3 22.2 9.4 3.8 1.3 0.90
ChainedDiffuser [364] (60 keyposes) Ldng 49-9i0.01 21~1i0.01 8.0i0_01 3~5i0.0 1-5i0.0 0.84i0_02
RoboFlamingo [184] Lang 82.4 61.9 46.6 33.1 23.5 2.48
SuSIE [14] All 87.0 69.0 49.0 38.0 26.0 2.69
GR-1 [359] Lang 85.4 71.2 59.6 49.7 40.1 3.06
3D Diffuser Actor (OIITS) Lang 93.8i0_01 80.3i0,0 66.2i0401 53'3i0,02 41'2i0.01 3-35i0.04

Table 8.4: Zero-shot long-horizon evaluation on CALVIN on 3 random seeds.

close put | insert peg | insert peg | put open
box duck | into hole | into torus | mouse pen
100 100 50 30 80 100
press put sort stack stack | put block
stapler | grapes | rectangle blocks cups | in triangle
90 90 50 20 40 90

Table 8.5: Multi-Task performance on real-world tasks.

has been executed, instead of after each individual actions. On average, it takes 10
trajectory inference steps to complete a task. We thus allow our model to predict a
maximum temporal horizon of 60 trajectories for each task.

We show quantitative results in Table 8.4. 3D Diffuser Actor outperforms the
state-of-the-art. ChainedDiffuser does not work well on this benchmark. The reason is
that its deterministic keypose prediction module fails to predict end-effector keyposes
accurately due to multimodality present in human demonstrations of CALVIN in
comparison to programmatically collected demonstrations of RLBench. Allowing
3D Diffuser Actor to have a longer horizon before terminating increases the perfor-

mance significantly, which suggests that the model learns to retry under failure.

8.4.3 Evaluation in the real world

We validate 3D Diffuser Actor in learning manipulation tasks from real-world demon-

strations across 12 tasks. We use a Franka Emika robot equipped with a Azure
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Kinect RGB-D sensor at a front view. Images are originally captured at 1280 x 720
resolution and downsampled to a resolution of 256 x 256. During inference, we utilize
the BiRRT [176] planner provided by the Movelt! ROS package [44] to reach the
predicted poses.

We collect 15 demonstrations per task, most of which naturally contain noise
and multiple modes of human behavior. For example, we pick one of two ducks to
put in the bowl, we insert the peg into one of two holes and we put one of three
grapes in the bowl. We evaluate 10 episodes for each task and report the success
rate. We show quantitative results in Table 8.5 and video results on our project
webpage. 3D Diffuser Actor effectively learns real-world manipulation from a handful

of demonstrations.

Runtime We compare the control frequency of our model against ChainedDiffuser
[364] and 3D Diffusion Policy [393] on CALVIN, using an NVIDIA 2080 Ti graphic card.
The inference speed of 3D Diffuser Actor, ChainedDiffuser and 3D Diffusion Policy is
600ms, 1170ms (50 for keypose detection and 1120 for trajectory optimization) and
581ms for executing 6, 6 and 4 end-effector poses. The respective control frequency
is 10 Hz, 5.1 Hz and 5.2 Hz.

Limitations Despite its SOTA performance with large margins over existing meth-
ods, our framework currently has the following limitations: 1. It requires camera
calibration and depth information, same as all 3D policies. 2. All tasks in RLBench
and CALVIN are quasi-static. Extending our method to dynamic tasks and velocity
control is a direct avenue of future work. 3. It is on average slower than non-diffusion
policies. This can be improved by recent techniques on reducing the inference steps

of diffusion models.

Please, refer to our Appendix for more experiments and details: Section G.1.1 for
robustness of 3D Diffuser Actor to depth noise, Section G.1.2 for discussion of failure
cases, Section G.1.3 and G.1.4 for descriptions of tasks in RLBench and the real
world, Section G.1.5 for descriptions of baselines, Section G.1.5 for implementation
details of re-training 3D Diffusion Policy on CALVIN, Section G.1.6 for keypose

discovery on CALVIN. Video results can be found in our supplementary file.
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8.5 Conclusion

We present 3D Diffuser Actor, a manipulation policy that combines 3D scene repre-
sentations and action diffusion. Our method sets a new state-of-the-art on RLBench
and CALVIN by a large margin over existing 2D and 3D policies, and learns robot
control in the real world from a handful of demonstrations. 3D Diffuser Actor builds
upon recent progress on 3D tokenized scene representations for robotics and on
generative models and shows how their combination is a powerful learning from
demonstration method. Our future work includes learning 3D Diffuser Actor policies
from suboptimal demonstrations and scaling up training data in simulation and in

the real world.
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Chapter 9

3D Flow Actor: An Efficient Flow
Matching 3D Policy for Bimanual

and Unimanual Control

While a significant leap for manipulation, 3D Diffuser Actor suffers from long training
times and slow inference speed, limiting its widespread adoption as a policy for-
mulation. 3D Flow Actor is a direct drop-in replacement: it drastically increases
efficiency without sacrificing performance, it shows wide applicability to bimanual
and unimanual control, and it has good scaling properties, which will be explored in

our last chapter.

9.1 Introduction

Single-arm manipulation has achieved great success in handling long-horizon and
high-precision tasks [139, 185, 198], even in highly cluttered environments [75, 169].
However, the lack of coordination between multiple end effectors largely constrains
single-arm systems to simple pick-and-place tasks, making them inadequate for
addressing the more complex and diverse manipulation challenges encountered in
real-world daily tasks. To overcome these challenges, bimanual systems offer a
promising alternative by enabling more dexterous and coordinated interactions with

the environment [318].
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Although bimanual setups improve the ability of a robot to perform more intricate
and dexterous tasks, they also impose stricter demands on spatio-temporal precision.
Both arms must operate in a tightly coordinated manner, executing actions in the
correct temporal sequence and at precisely aligned spatial locations. This added
complexity makes learning effective manipulation policies more difficult than in the
single-arm case. Despite growing interest, existing approaches [97, 98, 100, 200, 405]
still fall short of achieving robust generalization across a wide range of tasks.

In parallel, recent advances in single-arm manipulation have demonstrated the
power of diffusion models in capturing multimodal behaviors [38, 164, 286, 393],
achieving high-precision action prediction through 3D scene understanding [91, 95, 312,
364] and impressive generalization to various tasks and language instructions [15, 183,
275]. A natural next step toward robust bimanual manipulation is to integrate these
advances. In fact, we show that an adaptation of 3D Diffuser Actor (3DDA) [164] - a
model that combines diffusion-based action generation with 3D scene representations
- already establishes a new state of the art on the bimanual manipulation benchmark
PerAct2 [100]. Next, we ask the question: what prevents 3DDA from being deployed
in real-world bimanual manipulation scenarios? Our experimentation suggests two key
bottlenecks: slow inference speed and long training time. For instance, on PerAct2,
3DDA requires approximately 21 days to train and operates at 0.5Hz during inference.
The prolonged training time significantly limits the model’s ability to adapt to new
tasks, while the slow inference speed makes it unsuitable for real-time or dynamic
task execution.

In light of these observations, we introduce 3D Flow Actor (3DFA), a significantly
more efficient extension of 3DDA that improves both training time and inference speed
by an order of magnitude. On the PerAct2 bimanual manipulation benchmark [100],
3DFA reduces the training time from 21 days to 16 hours and increases the inference
speed from 0.5Hz to 13.3Hz, without sacrificing performance.

To enable faster inference, we replace the DDPM-based [117] formulation used in
3DDA with a Flow Matching approach [197, 210], reducing the number of denoising
steps during inference from 100 to 5.

To reduce training overhead, we implement a series of system-level optimizations
for computational efficiency, such as faster token sampling, fewer camera inputs, opti-

mized data loading, efficient attention implementation and mixed-precision training.
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While none of these techniques is novel on its own, our contribution lies in carefully
integrating them into a bimanual manipulation system.

3DFA achieves a new state of the art on the PerAct2 simulation benchmark, with
a success rate of 85.1%. Furthermore, it outperforms strong baselines—including
7o [15]—both in simulation and on a real-world 10-task benchmark we constructed
using the bimanual ALOHA platform [84]. We conduct an extensive ablation study
to break down the contributions of each design choice.

Notably, 3DFA is a general-purpose framework capable of predicting both sparse
keyposes and dense end-effector trajectories, and is applicable to both unimanual
and bimanual manipulation. On the 18 single-arm tasks of PerAct [312], 3DFA is
trained to predict the next end-effector keypose and performs on par with 3DDA,
while requiring significantly less training and inference time. Furthermore, on the
74-task benchmark of [102], 3DFA excels at jointly predicting the next keypose and
the trajectory connecting it to the current pose in a single forward pass, outperforming
the best baseline by 7.3%. These results highlight the versatility and efficiency of
3DFA as a framework for 3D manipulation.

In summary, our contributions are: (1) Adaptation of state-of-the-art single-
arm 3D generative policies to bimanual manipulation, (2) Dramatic acceleration of
training and inference time in 3D policies, (3) State-of-the-art bimanual manipulation
results on PerAct2, with an absolute margin of 53.1% over the previous state of the
art, and 41.4% over m, (5) State-of-the-art bimanual manipulation results in the
real world, outperforming foundational policies in a direct finetuning comparison,
(6) Competitive single-arm manipulation results on the PerAct 18-task benchmark,
and (7) State-of-the-art results on the HiveFormer unimanual 74-task benchmark,
demonstrating trajectory prediction capabilities. Our models, code and videos of our

manipulation results are available at https://3d-flow-actor.github.io/.

9.2 Related Work

Bi-manual manipulation. Bimanual manipulation is challenging due to the need
for precise coordination between two arms. A key bottleneck is the difficulty of
collecting large-scale, high-quality bimanual demonstration data, which has histori-

cally constrained the scalability of approaches [97, 98]. Recent works [84, 405] have
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introduced more cost-effective pipelines and platforms for scaling real-world data
collection. However, these methods primarily rely on RGB inputs and struggle to
generalize across diverse tasks, object types, scene configurations or robot embodi-
ments. To address these limitations, several multi-task simulation benchmarks have
been proposed to facilitate large-scale demonstration collection and policy evaluation.
PerAct2 [100] extends the RLBench [139] benchmark to support multi-task bimanual
manipulation, with expert demonstrations generated using sampling-based motion
planners [176]. RoboTwin [247] introduces a generative digital twin framework, lever-
aging 3D generative foundation models and large language models to create diverse
expert datasets and real-world-aligned evaluation environments.

In parallel, the development of bimanual manipulation policies generally falls into
two main categories. One line of research extends single-arm policy architectures
to bimanual. For example, VoxAct-B [200] builds upon the 3D voxel-based scene
representations of [312] to jointly predict object and end-effector poses. Similarly,
RDT-1B [204] follows the Vision-Language-Action (VLA) paradigm [15, 20, 275], fine-
tuning large language models to improve generalization to diverse task instructions.
The second line of research composes multiple single-arm policies into a unified
bimanual policy [148, 220, 245]. For instance, DIF [148] observes that bimanual
manipulation involves both independent and coordinated actions between the two
arms, so it proposes to learn separate single-arm policies and a coordination module
to combine them for coordinated tasks. Our work belongs to the first category
and extends the action space of [164] to predict pose trajectories for both arms
simultaneously.

Diffusion and Flow Matching models in robotics. Diffusion models have
emerged as powerful tools in imitation learning [38, 93, 286] and offline RL [26, 106,
376]. DDPM [117] has been the most widely adopted diffusion algorithm to iteratively
add and remove Gaussian noise to and from the samples, following conditional
probability paths. More recently, Flow Matching [197, 210] has drawn attention in
robot learning. Policies that use flow matching learn to predict the velocity field
directly pointing toward the target action [13, 15, 18, 39, 59, 86, 287, 349, 398, 400],
resulting in better sampling efficiency and lower computational cost than DDPM-
based policies. 3DFA also incorporates Flow Matching, yielding a state-of-the-art

bimanual manipulation policy with real-time inference capabilities.
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Figure 9.1: Method overview. Top: 3DFA is a flow matching policy that builds
atop a performant 3D diffusion policy—3DDA [164]. Our model encodes the visual
scene o, left- and right-hand robot proprioception ¢y, cgr, and left- and right-hand
noised trajectory 7}, 75 into 3D tokens. Taking as input language tokens [, diffusion
step 7, and these 3D tokens, 3DFA outputs the left- and right-hand velocity field
V.1, Vg.r. Bottom: During inference, 3DFA iteratively predicts the straight-line
velocity field pointing toward the left- and right-hand target pose.

9.3 Method

3D Flow Actor builds upon the state-of-the-art single-arm 3D diffusion policy,
3DDA [164]. To achieve faster inference and reduce training overhead, we replace
the original DDPM-based diffusion mechanism with a more efficient flow matching
approach and introduce a series of system-level optimizations. In this section, we
begin by briefly reviewing the flow matching framework and the 3DDA architecture.
We then detail our extensions to support bi-manual manipulation, along with the

specific optimizations implemented to enhance performance and efficiency.
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9.3.1 Flow Matching for Fast Action Generation

Diffusion models are powerful generative frameworks that excel in modeling multi-
modal data distributions. Typical diffusion models based on DDPM [117] generate
samples by iteratively removing Gaussian noise, following a stochastic process defined
by conditional probability transitions. In contrast, flow matching approaches [197, 210]
generate data by solving an optimal transport problem between a source distribution

o and a target distribution 7.

In particular, we adopt Rectified Flow [210], an efficient instantiation of flow
matching that transforms a sample X, ~ 7 into a target sample X; ~ m; by
following nearly straight paths in the sample space. This streamlined approach
significantly reduces the computational overhead associated with inference while
retaining the expressiveness needed for high-dimensional generative tasks, making it

especially well suited for robotics, where real-time performance is critical.

The rectified flow between (Xg, X;) defines a continuous, time-differentiable
trajectory Z = Z, : t € [0, 1] that transports X, to X; and is governed by the ordinary
differential equation (ODE):

dZ, = v (Z)dt, t€l0,1], Zy= Xo, (9.1)

where v¥ is a time-dependent velocity field. The optimal velocity field that minimizes

the expected discrepancy from the straight-line path between X, and X; can be
formally defined as: inf, fol E[|| X1 — Xo — v(Xy, t)||]dt, where X; = (1 — )Xo + X,
denotes the linear interpolation at time ¢ [210]. The model is trained to approximate

this velocity field by minimizing the loss [210]:
Lo =Eyx[llva(Xe,t) — v | (9.2)

In our setting, the goal is to generate robot actions from noise. We define 7wy ~ N (0, I)
as the prior distribution over Gaussian noise and 71 as the distribution over real actions.
During inference, the model iteratively transforms the noise sample X into a predicted
action X; over N steps with a fixed step size At = %: Xirar = Xy — At - vp( Xy, 1).
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9.3.2 3D Diffuser Actor

3DDA [164] is trained to imitate demonstration trajectories of the form of {(01, a), (09, a3), ...},
accompanied with a task language instruction [, where o; stands for the visual ob-
servation and a; stands for robot action at timestep t. Each observation o; is
one or more posed RGB-D images. Each action a; is a single-arm end-effector
pose and is decomposed into 3D location, rotation and binary (open/close) state:
a; = {a° € R® a)*" € RO a;*" € {0,1}}. Let 7 = ()%, 1, aj5' ) denote the trajec-
tory of 3D locations and rotations at timestep ¢, of temporal horizon T. 3DDA at
each timestep t predicts a trajectory 7, and binary states ay, ;.

3DDA conditions on 3D scene feature representations derived from posed cameras
and sensed depth and uses DDPM-based diffusion to predict the noise component at
each diffusion step. To simplify the notation, we denote 7! as the noisy trajectory
estimate at diffusion step ¢ without specifying the trajectory timestep. The model
conditions on the following inputs: (1) 3D scene tokens: 3DDA featurizes image views
using a 2D image encoder and lifts each of the feature patches to 3D by calculating the
average 3D location of each patch; (2) 3D proprioception tokens: 3DDA contextualizes
a set of learnable embeddings with 3D scene tokens based on the proprioceptive
location; (3) 3D trajectory tokens: 3DDA maps each noisy action a’ of trajectory
7' at diffusion step i to a latent feature vector and lifts these feature vectors to 3D,
based on the noisy location estimate of a’; (4) language tokens: language instructions
are encoded to latent embeddings with a text encoder. 3DDA fuses all 3D tokens
using relative 3D attentions, and additionally fuses language tokens using normal
attentions. As a last step, the refined trajectory tokens are fed to MLPs to predict
the noise added to 7°, as well as the end-effector opening. We refer to [164] for more
details.

9.3.3 3D Flow Actor

To extend 3D Diffuser Actor to bi-manual manipulation, we first redefine the robot
action in a bi-manual form: a;; and a; r denote the robot action at timestep ¢, of
the left and right robot arm respectively. Our goal is to predict the corresponding
trajectory T = (A, 1, a0 ) and T g = (A%, 7 g, A0 1) of temporal horizon

T for both arms. Obviously, to apply 3DFA on unimanual setups, we still use the
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: : 143 . _ loc rot
unimanual trajectory definition: a, and 7 = (a,;% p, a0 7).

We follow the same 3D tokenization procedure to map (1) the noisy estimate
of pose a, of T} and al of 7 at denoising step 4, and (2) the left- and right-hand
proprioceptive information ¢, and cg, into 3D tokens. We use the same 3D Relative
Denoising Transformer architecture to contextualize all these tokens and predict the

translation and rotation noise and the end-effector opening for both arms.

We replace the DDPM-based diffusion method with rectified flow. The noisy left-
and right-hand trajectory estimate 77 = (1 —i)e + i, and 7% = (1 —i)eg + i1
become the linear interpolation at denoising step i, where 7;'; and 7,5 denote the
clean trajectory, and e, and eg denote the sampled noise for the left- and right-hand
end effector. In particular, our model takes as input two-hand trajectory estimate
tokens 7' = {7}, 74}, proprioception tokens ¢ = {c,cr}, language tokens [, and
scene tokens o; it outputs the left- and right-hand velocity field vy 1, vy 1, and gripper
openess f,'", fo'1 ", respectively. We ignore time step ¢ to simplify notations.

During training, we sample a time step ¢ uniformly, denoising step i ~ o(N(0, 1))
from a logit-normal distribution and noise e;, ~ N(0,1),er ~ N(0,I) from Gaussian
distribution. We use the L2 loss to supervise the velocity field and binary cross-
entropy (BCE) to supervise the end-effector opening. By ignoring the notation of
time step t, the total objective reads:

I

Ly=|€erL — TLO — vy (0,1, c, Tt DI°+ |ler — ’TI% —vg.r(0,1,c, Ti,i)H2 (9.3)

+ BCE( gf“(o, l,c,T'1), a’fp;nL) + BCE( ggsn(o, l,c, 7' 1), a[ff’;}),

System-level optimizations We identify and improve 3DDA’s implementation
bottlenecks, both in the model and in the training pipeline. First, we reduce the
number of cameras needed and only use one static camera and wrist cameras, a setup
that is both practical and boosts performance over single-camera setups, as we show
in our ablations. This significantly saves computation from the visual backbone and
leads to fewer scene tokens, thus more efficient attention.

Furthermore, we adopt density-biased sampling (DBS) [257] to replace farthest
point sampling (FPS) [73]. In more detail, 3DDA employs FPS in the feature space
to sparsify the scene tokens. FPS maintains a set of candidate points and a set of

sampled points. Then, it iteratively samples the candidate point with maximum
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average distance from all sampled points. We replace this with DBS, which first
estimates the sparsity of a neighborhood around a point as the average distance
of the k = 8 nearest neighbors of that point. Then, it promotes sampling in the
sparser neighborhoods. A fast batched version of DBS can be implemented in pure
PyTorch [260].

Lastly, by carefully engineering the data loader, mixed-precision training and
efficient attention implementation, we speed up training significantly. We refer to

Section H.2 for more details.

9.4 Experiments

9.4.1 Evaluation on PerAct2

PerAct2 [100] is a simulation benchmark for bimanual manipulation, equipped with
two Franka Panda robots. Methods are trained to predict the next end-effector
keypose [100] and then an RRT-based motion planner [176] generates a trajectory
of joint angles connecting the current to the predicted pose. PerAct2 has a suite
of 13 bimanual tasks, each of which has 1-5 variations that concern object poses,
appearance and semantics (more in Section H.3.1). Each task is accompanied by 100
expert demonstrations for training and 100 episodes for evaluation. There are five
calibrated RGB-D cameras available, front, left wrist, right wrist, left shoulder, and
right shoulder; which capture images at 256 x 256 resolution. Notably, 3DFA does
not need to use all five cameras but only the front, left wrist, and right wrist cameras.
In contrast, other baselines, unless otherwise stated, use all five cameras. We adopt
the task completion success rate as our evaluation metric.

Baselines We compare against: ACT [405], RVT-LF [95, 100] and PerAct-LF [100,
312], PerAct? [100] (results copied from [100]); AnyBimanual [220]; 3D Diffusion
Policy (DP3) [393] and KStar Diffuser [224] (results from [224]); PPI [378]; my [15].
Notably 7y is a 2D robot generalist pre-trained on 10,000 hours of robot data and
capable of performing bimanual manipulation. We adapt it to predict end-effector
keyposes and fine-tune it using three cameras. See Section H.3.6 for more details on
the baselines.

We identify different settings among our model and baselines: (1) our method,
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multi-task | Avg. push lift push pick up | put item | put bottle
training | Success box ball buttons | plate |into drawer| into fridge
ACT [405] X 5.9 0 36 4 0 13 0
RVT-LF [95, 100] X 10.5 52 17 39 3 10 0
PerAct-LF [100, 312] X 17.5 57 40 10 2 27 0
PerAct? [100] X 16.8 6 50 47 4 10 3
DP3 [393] X - 56 64 - - - -
KStar Diffuser [224] X - 83 98.7 - - - -
PPI [378§] X - 96.7 89.3 - - 79.7 -
AnyBimanual [220] v 32 46 36 73 8 - 26
7o [15] v 43.7 93 97 38 41 40 22
3DFA (ours) v 85.1 92~7j:0A47 99.7i()‘47 92-7:(:1,89 69'7j:12.6 93-012,83 89'3j:L89
multi-task | handover | pick up |straighten| sweep lift handover | take tray
training item laptop rope dust tray |item (easy) |out of oven
ACT [405] X 0 0 16 0 6 0 2
RVT-LF [95, 100] X 0 3 3 0 6 0 3
PerAct-LF [100, 312] X 0 11 21 28 14 9 8
PerAct? [100] X 11 12 24 0 1 41 9
DP3 [393] X - 6.3 - 1.7 - 0 -
KStar Diffuser [224] X - 43.7 - 89 - 27 -
PPI [378] X - 46.3 - 98.7 92 62.7 -
AnyBimanual [220] 4 15 7 24 67 14 44 24
7o [15] v 2 27 7 2 72 59 68
3DFA (OIH'S) v 89.0i7'12 74-0j:8.96 40-7i1489 99-3ﬂ:0.47 94.7i()‘47 96-0j:5.65 94-7i1489

Table 9.1: Evaluation on PerAct2 (3 random seeds). 3DFA[220],[15] are multi-task
trained and evaluate the final checkpoint across all tasks, while others are single-task
trained and report the best checkpoint per task. 3DFA outperforms all prior
arts on most tasks by a large margin.

1o and AnyBimanual adopt multi-task learning and test the final checkpoint, while
others train single-task models and select the best intermediate checkpoint per task
for evaluation; (2) AnyBimanual, DP3, PPI and KStar Diffuser do not test on all,
but a subset of 13 tasks. Our settings are more general and practical, as multi-task
learning on all tasks is essential for building a robot generalist [15, 20].

Results We show quantitative results in Table 9.1. 3DFA largely outperforms all
baselines, with an absolute improvement of 68.3% over PerAct?. When isolating the
same 5 tasks in which both PPI and KStarDiffuser report results, 3DFA achieves 92.3%,
outperforming them by 13.6% and 24% absolute respectively. Notably, our method
with 3.8M parameters outperforms 7y, with nearly 1000 times more parameters. We
show that, although large-scale pretraining is useful, explicitly incorporating 3D
information into the model is a strong inductive bias. We also test 3DDA on this

benchmark, which also achieves an average success rate of 85%. We discuss failure
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Figure 9.2: Ablation study. on PerAct2. Left to right we compare: (a) the success
of flow matching against DDIM and DDPM with varying numbers of denoising steps,
(b) the runtime of density-based sampling against farthest point sampling, (c¢) the
success rates under different numbers of cameras and (d) the training time of 3DFA
and 3DDA. Our design choices boost effectiveness and efficiency.

cases in Section H.3.10.

Ablations We first compare the different denoising methods in terms of performance
and inference time in Figure 9.2a. We observe that i) DDPM is the least flexible,
requires 100 denoising steps and runs at 0.74Hz while achieving 85.0% SR; ii) we
apply DDIM [322] to reduce the denoising steps. While the runtime improves (13.3Hz
at 5 steps), the performance gradually drops; iii) flow matching is the most robust,
maintaining all the performance even when running at 5 steps and 13.3Hz, nearly all
the performance at 3 steps and 20Hz, and 75.2% in success rate at 1 step and 26Hz.

Next, we ablate the effect of the point sampling strategy in Figure 9.2b. While
both versions achieve the same success rate, a forward pass for SDFA with DBS costs
75ms, while for FPS it costs 140ms.

Third, we test the impact of wrist cameras in Figure 9.2c. We implement a
single-camera version of 3DFA that uses only the front camera, with all other hy-
perparameters fixed. This model achieves 81.1% and runs at 66.7Hz. Although in
many tasks the performance is similar to the 3-camera 3DFA, there are tasks such
as “push buttons” where the gap is significant, due to the importance of first-person
observations for seeing and reaching the relevant objects.

Lastly, in Figure 9.2d, we compare the training time of 3DFA to that of the
original implementation of 3DDA when trivially adapted for bimanual manipulation.
Both trained on 4 A100 GPUs, 3DDA takes 21 days, 3DFA only needs 30 hours.
Notably, the training time can be significantly reduced when combined with CUDA
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) Lift ball b) Straighten rope (c) Pick up plate (d) Stack bowls (e) Put marker in cup
Hand over block (g) Stack blocks (h) Open marker (i) Close ziploc (j) Insert battery

Figure 9.3: Real-world benchmark. Our real-world benchmark has a suite of 10
bimanual tasks, including 5 easy tasks (top row) and 5 difficult tasks (bottom row).

graph compilation (torch.compile) or using fewer cameras, options not applicable

to the original 3DDA implementation.

9.4.2 Evaluation in the real world

We construct a challenging real-world multi-task manipulation benchmark using a two-
handed robot system, Mobile Aloha [83], equipped with a front-facing ZEDX RGB-D
sensor and two wrist-mounted RealSense D405 RGB-D sensors. Our benchmark
(Figure 9.3, Section H.3.2) consists of 10 tasks that often require more precise and
synergistic two-hand action than those of PerAct2, such as open marker, close ziploc
and insert battery. We teleoperate Mobile Aloha to collect 40 demonstrations per
task for training, capturing images and actions at a frequency of 5 Hz. All models are
fine-tuned/trained on the same set of demonstrations and then tested on 20 episodes
per task.

Baselines We compare against: (1) m [15]; (2) iDP3 [392], a variant of DP3 with
improved architectures, carefully designed for two-hand humanoids. Both our model
and the baselines are trained for closed-loop trajectory prediction, without keyposes.
Following the original papers, both baselines predict the robot’s joint angles, rather
than end-effector poses that our model predicts. To mimic human operation, we train
both models to output joint values of the ALOHA leader arms, and the ALOHA
follower arms are tasked to follow the action. In contrast, our 3DFA predicts end-

effector poses of the ALOHA follower arms, which are transformed into joint angles
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Avg. | Inf. [Params|lift straighten|pick uplstacklput markerjhandover|stack | open |close| insert
Success|speed| in M |balll  rope plate |bowl| into bowl | block |blocksmarker|ziploc/battery
To 32.5 |100ms| 3238 |85 75 40 20 20 15 35 20 10 5
iDP3t 24.5 |420ms| 68.8 |45 35 30 40 35 25 15 10 10 0
3DFA (ours)| 53.5 |54ms| 3.8 |85 75 80 | 80 70 60 45 25 10 5

Table 9.2: Evaluation in the real world. 3DFA and my adopt multi-task learning
settings, while iDP3 uses a single-task learning setup. 3DFA outperforms 7y and
iDP3 on all tasks by a large margin.

by solving inverse kinematics. 3DFA and iDP3 are 3D policies and require accurate
depth information. However, the depth maps of the wrist cameras are very noisy,
which hurts performance. We do not use wrist cameras as input to both models.
On the other hand, 2D policies like 7y have no such limitations and take as input
all three cameras. The input images are downsampled to a resolution of 256 x 256
during training and inference.

Results We show the quantitative results in Table 9.2. 3DFA outperforms 7y and
iDP3 on most tasks. We find that 7 is sensitive to occlusion and cannot locate and
reach the object if it is not visible in the wrist observations. We also find that iDP3
struggles to predict precise end-effector poses, as the robot often approaches but fails
to grasp the object. In contrast, our method consistently outperforms these baselines

in most tasks. We refer to Sections H.3.9, H.3.10 for more analysis.

9.4.3 3DFA as a unimanual policy: a more accessible

drop-in replacement for 3DDA

To highlight the versatility of 3DFA and the broader application of our technical
contributions beyond bimanual manipulation, we additionally train and test 3DFA as
a unimanual policy.

We first use the 18-task PerAct benchmark [312] to allow a direct comparison
with 3DDA [164] in terms of performance and efficiency. Policies are trained in a
multi-task fashion on 100 demos per task and tested on 25 episodes per task. There
are four calibrated RGB-D cameras available, front, wrist, left shoulder, right shoulder.
More details in Section H.3.3.

We compare two variants of 3DFA and 3DDA in Figure 9.4. All models are trained

for keypose prediction. 3DFA with four cameras achieves competitive performance to
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Figure 9.4: Single-arm manipulation results. Left: 3DFA performs on par with
3DDA on the PerAct 18-task benchmark, while requiring less than 1/6th of 3DDA’s
training time and being 28 times faster during inference. Right: 3DFA achieves a
new state-of-the-art on the 74 tasks of HiveFormer.

Avg. |Num. |lunplug|close| open | open |frame off|open|books in|shoes in
Success|stages|charger|door| box |fridge| hanger |oven| shelf box

DP3 28.5 1 33.3 |76.0] 98.3 | 4.3 123 | 0.3 3.7 0.0
PointFlowMatch| 67.8 1 83.6 [68.3]994 |319| 386 |759| 68.8 76.0
ChainedDiffuser | 84.5 2 95.0 |76.0] 96.0 | 68.0| 85.0 [86.0| 92.0 78.0
3DFA (ours) 91.3 1 99.0 [96.0/100.0/70.0| 96.0 |99.0/ 99.0 71.0

Table 9.3: Evaluation on 8 RLBench tasks from [364] that require continuous
interaction with the environment. 3DFA predicts dense trajectories and outperforms
all baselines by a large margin.

3DDA, while running 28 times faster and requiring 6 times less training time. When
using two cameras only (front and wrist), 3DFA reduces training and inference time
even further, 14 and 30 times over 3DDA, with a small performance drop. Detailed
results in Section H.3.7.

We then employ the 74-task benchmark of HiveFormer [102] to demonstrate
the ability of 3DFA to predict dense trajectories instead of sparse keyposes. Policies
are trained on one task at a time, using 100 demos, and tested on 100 episodes. We
compare our performance on all 74 tasks and also separately consider a subset of 8
challenging tasks [39, 364] that require continuous interaction with the environment
and thus cannot be solved by simple predicting keyposes- more in Sections H.3.4, H.3.5.

We compare against: (1) keypose-prediction models HiveFormer [102], Instruc-
tRL [199] and Act3D [91], which use three cameras; (2) close-loop trajectory-prediction
models PointFlowMatch [39] and DP3 [393], which use five cameras; (3) Chained-
Diffuser [364], a two-stage policy consisting of a keypose predictor and a keypose-
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conditioned trajectory predictor, using three cameras.

3DFA is trained to jointly predict the next end-effector keypose and the dense
trajectory until the next keypose in a non-hierarchical, single-forward-pass fashion.
It relies on two camera observations, front and wrist, to maintain consistency with
the rest of our experiments. More details in Section H.3.6.

We show results on all 74 tasks in Figure 9.4. 3DFA achieves a new state of the
art of 90.3%, improving over Act3D by 7.3%. We compare on 8 challenging tasks
in Table 9.3. Our method outperforms the two-stage ChainedDiffuser by 6.8% and
PointFlowMatch by 23.5% absolute, highlighting its ability to predict continuous

trajectories. Detailed breakdown of performance on all tasks in Section H.3.8.

9.5 Conclusion

We present 3D Flow Actor, a policy that extends 3D Diffuser Actor to bimanual
manipulation. Our method sets a new state of the art on both a simulation benchmark-
PerAct2-and a real-world benchmark by a large margin, outperforming much larger
foundational policies. Reducing camera requirements and training/inference times
make 3DFA much more applicable to real-world applications than previous 3D
generative policies. We demonstrate that our design choices are also effective in
single-arm manipulation, where 3DFA exhibits vast training and inference speedups
on PerAct, together with a new state-of-the-art on 74 RLBench tasks, including
challenging tasks that require dense trajectory prediction. Our work is a clear
demonstration that even in the era of large-scale VLAs, policies that make use of
3D scene representations are still relevant. An exciting future direction is to scale
up our policy by training on large sets of real-world data and to further enhance
spatial and dynamic reasoning for contact-rich tasks. As concurrent work in the
vision community continues to increase the amount of well-calibrated robotics data,

the improvements introduced in this paper will only become more necessary.
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Chapter 10

Conclusion and Future Work:
Scaling 3D Policies to Billions of

Parameters

10.1 So Far

This thesis explored how unifying 3D spatial representations with generative models
can serve as a foundational strategy for building generalist robot policies. We began
by addressing fundamental challenges in 3D perception, developing models that bridge
2D and 3D visual understanding. Through open-vocabulary detection, joint 2D-3D
segmentation, and memory-prompted point cloud reasoning, we established critical
perceptual bottlenecks that enable flexible, cross-domain task generalization. These
contributions laid the architectural groundwork for end-to-end 3D policy learning,
where perception is not an isolated pre-processing step but an integral part of the

control loop.

Building on these perceptual foundations, we introduced a family of generative
3D policies that can model the complex, multimodal nature of robotic manipulation.
From goal-conditioned planners to full trajectory diffusion models, we demonstrated
how explicitly grounding policies in 3D space enables robust reasoning over diverse
tasks and embodiments. The development of 3D Flow Actor (3DFA) highlighted how
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an efficient architectural design can outperform significantly larger 2D models in both

performance and computational efficiency.

10.2 Scaling 3D Policies

One natural question would be whether the advantages of 3D policies persist when
we scale the model capacity and data, or the 3D inductive biases are an obstacle to
successful scaling. Indeed, the advances on 3D policy learning often hinge on the
availability of accurate and calibrated RGB-D sensors. While not impractical, this
requirement limits the scale of data 3D policies can leverage. Large-scale datasets
frequently lack depth observations or provide only noisy depth maps with inaccurate
calibration, constraining efforts to scale 3D policies. In contrast, 2D policies sidestep
these calibration requirements and can be trained on diverse datasets mapping images
to actions. This flexibility has enabled the rise of generalist policies trained on large
real-world datasets, often powered by vision-language models (VLMs) for their rich
visual and linguistic understanding [15, 275, 287]. Can we scale 3D policies to the
same extent as their 2D counterparts while preserving their structural advantages?
We redesign 3DFA by incorporating VLM representations and significantly ex-
panding the capacity of its action decoder through deeper attention layers. The
resulting model, 3DFA-VLA, scales to a billion of parameters (300x more parameters
than 3DFA), based on three key modifications:
1. Vision-Language Encoder Upgrade: We replace CLIP [276] with Florence2 [366]
as the vision-text encoder and allow it to be fine-tuned. This substitution alone
increases the model size by nearly 500 million parameters, providing richer

visual-textual representations.

2. Cross-Attention in Action Decoder: We redesign the attention mechanism in
the action decoder, replacing its self-attention layers with cross-attention layers.
This change restricts updates to the trajectory tokens while keeping the scene
tokens frozen, drastically reducing the memory footprint. This modification
does not increase the parameter count, but unlocks capacity for a much larger

decoder.

3. Scaling the Action Decoder: Leveraging the memory savings, we significantly
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scale the action decoder by increasing the number of attention layers from

6 to 24 and expanding the latent dimension from 120 to 1024. This con-

tributes an additional 500 million parameters, enabling more expressive action
representations.

While certain design choices, such as the decoder depth and the use of Florence2,

are inspired by FLOWER-VLA [287], 3DFA-VLA remains a principled scaling of

3DFA and retains its coding structure.

10.2.1 Evaluation on CALVIN

We evaluate 3DFA-VLA on CALVIN [236], a language-conditioned manipulation
benchmark featuring four environments (A, B, C, D) that vary in texture and object
arrangements. Following the zero-shot protocol, we train on environments A, B,
and C (17,000 episodes) and test on D (1000 episodes), measuring success by the
average length of correctly executed task sequences (5 tasks per sequence, needed to
be executed in order).

Unlike RLBench, where data scarcity is a bottleneck, CALVIN provides an order
of magnitude more episodes, making it a potential testbed for scaling policies in
simulation. However, CALVIN’s main axis of difficulty is generalization to texture
and has favored 2D models that leverage large VLMs [287] or video prediction
methods [121, 332]. Among 3D approaches, only 3D Diffuser Actor (3DDA) has
shown competitive results, attributed to its use of 2D visual features and generative
diffusion objectives that handle noisy, multimodal distributions.

A critical observation here is the trade-off introduced by keypose-horizoned tra-
jectory prediction. While chunking and interpolating trajectories into fixed-length
segments (from keypose to keypose) simplifies the action space and enables training
smaller models, it also reduces data diversity by an order of magnitude and introduces
artifacts from forced interpolation. Moreover, due to the noisy demonstrations on
CALVIN, the heuristics for keypose discovery may not be semantically meaningful, as
in RLBench where there are clean motion patterns. In fact, we visualized the frames
corresponding to keyposes on CALVIN, discovered using the algorithm we proposed
in [164], and they often cannot be visually distinguished from arbitrary non-keypose

frames. As a result, CALVIN’s richness in observation-action pairs (approximately
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900k) becomes underutilized when trajectories are abstracted into sparse keyposes
(nearly one tenth of total annotations), limiting the effective dataset size for large
models.

To address this, we hypothesize that closed-loop trajectory prediction, i.e., mod-
eling the entire trajectory as a continuous sequence, enables better utilization of
CALVIN’s data and alleviates interpolation artifacts. We perform an ablation to
validate this hypothesis.

We compare the following models: i) 3DFA trained for closed-loop trajectory
prediction; ii) 3DFA trained with keypose-horizoned trajectories; iii) FLOWER-
VLA [287], the current state-of-the-art 2D policy on CALVIN, which also uses
Florence2 and similar architectural hyperparameters to 3DFA-VLA; iv) 3DFA-VLA
trained with keypose-horizoned trajectories; v) 3DFA-VLA trained for closed-loop
trajectory prediction. We also include [121, 164, 332] in the comparisons for reference.

Key findings (Figure 10.1):

e 3DFA-VLA (closed-loop) sets a new state-of-the-art on CALVIN, demonstrating

that 3D policies scale with data and model capacity.

e 3DFA-VLA (keypose-horizoned) achieves strong performance but underperforms
compared to its closed-loop counterpart, confirming that non-semantic trajectory

abstraction may hinder scalability.

¢ The original 3DFA performs competitively with 3DDA under keypose-horizon
supervision but lacks capacity to model closed-loop trajectories effectively and

significantly underperforms larger models.

e 3DFA (closed-loop) barely solves any task, indicating that scaling the model
capacity (as in 3DFA-VLA) is essential for closed-loop modeling on CALVIN.

10.2.2 Evaluation on PerAct2

We further evaluate on PerAct2 [100], a challenging bimanual manipulation benchmark
featuring two Franka Panda arms. Unlike CALVIN, PerAct2 tasks emphasize precision
and 3D reasoning over texture generalization, making it a stringent test for models
relying on low-resolution visual representations, as we showed in the previous chapter

with finetuning mo [15].
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Figure 10.1: Left: 3DFA-VLA sets a new state-of-the-art on CALVIN. Right: Upsam-
pling is the most crucial factor for generalization on precise RLBench tasks. Both
results highlight the scalability of 3D-VLAs and their stronger performance over their
2D counterparts.

A notable architectural shift from CLIP to Florence2 introduces challenges here.
Florence2, being a transformer, outputs fixed low-resolution features, unlike CLIP’s
progressively downsampled feature pyramid. Since our framework aligns 3D positional
tokens to the spatial grid of visual features, this results in a significant loss of spatial
granularity, which is detrimental for fine-grained 3D tasks like those in PerAct2.

To mitigate this, we integrate learnable upsampling layers from DPT [282] to
enhance the spatial resolution of Florence2’s feature maps, restoring the fine-grained
localization necessary for precise manipulation.

We compare the following models: (i) 3DFA, as the SOTA reference; (ii) 2DFA, a
model that uses identical architecture to 3DFA except for replacing the 3D attention
with standard 2D attention; (iii) FLOWER-VLA; (iv) vanilla 3DFA-VLA; (v) 3DFA-
VLA w/ DPT, which is 3DFA-VLA with the upsampling method from [282].

We show results in Figure 10.1. We draw the following conclusions:

e FLOWER-VLA, vanilla 3DFA-VLA and 2DFA all achieve statistically similar
performance, indicating that the additional capacity does not make a difference

on RLBench, but also that using 3D positions of very low resolution regresses
the model to 2D behavior.

e 3DFA-VLA w/ DPT shows a large performance boost over its vanilla counterpart,
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significantly (but not fully) closing the gap between 3DFA-VLA and 3DFA.

10.3 Conclusion and Open Directions

As we strive toward building truly generalist robots, it becomes increasingly clear that
scaling data and model size alone is insufficient. Lessons from vision and language
domains suggest that data-efficient architectures and learning objectives will be
crucial, especially as we approach the natural limits of internet-scale textual data
[269]. For robots, the challenge is even more pronounced: they must perceive, reason,
and act in a world that is inherently 3D, dynamic, and multimodal.

The future of robot intelligence, therefore, lies at the intersection of large-scale
learning and physically grounded representations. In this paradigm, policies must
go beyond mimicking demonstrated behaviors; they must understand, adapt, and
compose behaviors across tasks, environments, and embodiments. This thesis takes a
step toward that vision, presenting a set of insights, models, and tools designed to
guide the development of spatially-aware and efficient robot generalists.

At the same time, these insights open up new and exciting research avenues.

Future work could achieve significant breakthroughs by pursuing directions such as:

1. Scaling 3D Data Acquisition in Simulation: As simulators become increasingly
photorealistic, generating large-scale robot action datasets with clean depth and
precise camera calibration will become much easier. This synthetic data can be
used to train VLAs that build upon Vision-Language Models (VLMs), lever-
aging real-world passive data while bootstrapping from high-quality synthetic

interactions.

2. Self-Supervised Auto-Calibration in the Real World: To accelerate real-world
data collection, self-supervised computer vision techniques can be leveraged to
automatically estimate metric depth and camera parameters, effectively “3D-
ifying” 2D videos without manual calibration, lowering the barrier for scalable

robot learning.

3. Hybrid 2D-3D Architectures for Universal Robot Policies: Developing architec-
tures that seamlessly operate across 2D and 3D representations could enable

training a single model on all available robot data. This could be similar in
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fashion to our work ODIN.

4. Spatiotemporal Visual Memory for Long-Horizon Tasks: all policies we presented
in this thesis rely on the current observation for decision-making, limiting their
ability to reason about objects that have moved out of view. However, naively
aggregating all past observations is computationally prohibitive. A promising
direction is spatiotemporal point subsampling, inspired by the density-biased

sampling in 3DFA, to retain only the most informative visual history..

5. Catastrophic Forgetting Mitigation via Multi-Task Co-Training: VLAs often
fine-tune VLMs on action-only datasets, leading to catastrophic forgetting of
their general visual-language understanding. Co-training policies simultaneously
on action prediction and vision-language tasks could preserve the VLM’s broad
knowledge while enhancing action grounding. What are the right objectives

that optimize for the resources required is an important question.

6. Factorized Policies for Robustness and Compositionality: End-to-end action
prediction models risk overfitting to memorized motion patterns. An alternative
is to factorize policies into subgoal predictors and low-level action planners,
where subgoals are expressed in a generalizable representation. This could
enhance robustness, enabling policies to recover from failures by recomposing
behaviors dynamically. Choosing the right way to communicate subgoals to
action planners while maintaining generality and scalability is the challenge to

be addressed.

7. Beyond Imitation Learning: Fine-Tuning with Reinforcement and Reward
Modeling: All policies in this thesis are trained via imitation learning, aligning
with the distribution of demonstrations rather that of successful outcomes.
Future work could explore fine-tuning pre-trained policies with reinforcement
learning to close this gap. In parallel, learning reward functions from passive

data or demonstrations remains an essential complementary challenge.

Ultimately, the path to generalist robot intelligence demands a shift from brute-
force scaling to deliberate design of representations, objectives, and learning processes.
This thesis provides a framework for that shift, offering models and insights that can

guide the field toward more capable, efficient, and generalizable robot policies.
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Appendix A

Bottom Up Top Down Detection
Transformers for Language

Grounding in Images and Point
Clouds

A.1 Implementation details

We report here architecture choices as well as training hyperparameters. We implement
BUTD-DETR in PyTorch. For the 3D version, the point cloud is encoded with
PointNet++ [270] using the same hyperparameters as in [216], pre-trained on ScanNet
[49]. We use the last layer’s features, resulting in 1024 visual tokens. In the cross-
modality encoder, instead of allowing the visual features to attend to the box features,
we directly concatenated the box features to the input point cloud. Specifically, for
all the points that lie inside a box, we concatenate this box’s features directly to their
point features (xyz and color). If a point lies inside multiple boxes, we randomly
sample one box’s features. Points that do not lie inside inside any box are padded
with zeros. This is computationally cheaper than cross-attending visual features to
box features and works well in 3D since the objects do not intersect. In 2D, however,

it does not work well since the objects and thus their boxes overlap a lot and hence
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usually a pixel falls inside multiple boxes. We ablate more on this fusion in A.3. In
the decoder, the queries are formed from the top 256 most confident visual tokens.
To compute this confidence score, each visual token is fed to an MLP to give a scalar
value. We supervise these values using Focal Loss [196]. Specifically, since each visual
token corresponds to a point with known coordinates, we associate visual tokens
to ground-truth object centers and keep the 4 closest points to each center. We
consider these matched points as positives, i.e. here points with high ground-truth
objectness. The same scoring method is employed in [216]. We set Ng = 3 with no
self-attention layers, Np = 6. All attention layers are implemented using standard
self-/cross-attention [222, 343].

For the 2D version, the image is encoded using ResNet-101 [110] pretrained on
ImageNet [55]. We use multi-scale features as in [412]. The feature maps of the
different scales are flattened and concatenated in the spatial dimension, leading to
17821 visual tokens. The feature dimension of each token is 256. To obtain the
box proposals, we use the detector of [7] trained on 1601 classes of Visual Genome
[175]. The detected boxes are encoded using their spatial and categorical features.
Specifically, we compute the 2D Fourier features of each box and feed them to an
MLP, then we concatenate this vector with a learnable semantic class embedding and
feed to another MLP to obtain the box embeddings. To form queries, we rank visual
tokens based on their confidence score and keep the 300 most confidence ones. This
confidence layer is supervised using Focal Loss [196]: we assign a positive objectness
scores to every point that lies inside a ground-truth answer box. We set Ng = 6 and
Np = 6. All attention layers to the visual stream are implemented with deformable
attention [412], attention to either the language stream or detected boxes is the
standard attention of [222, 343].

For the 3D model, we use a learning rate of le—5 for RoOBERTa and le—4 for all
other layers. We are able to fit a batch size of 6 on a single GPU of 12GB. Under
these conditions, each epoch takes around 3 hours. For the 2D model, we use a
learning rate of 1le—6 for Resnet101 visual encoder, 5e—6 for ROBERTa text encoder
and le—5 for rest of the layers. We pre-train on 64 V100s with a batch size of 1,
and finetune on RefCOCO /RefCOCO+ with a batch size of 2 on 16 V100s. The
total training time is included in the respective tables. We will release pre-trained
checkpoints for both 3D and 2D models.
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A.2 Negative training with detection phrases

We devise object detection as language grounding of an utterance formed by concate-
nating a sequence of category labels, e.g. “Chair. Dining table. Bed. Plant. Sofa.”.
The task is again to i) detect the mentioned objects in the scene, i.e. return bounding
boxes of their instances, and ii) associate each localized box to a span, i.e. an object
category in the utterance.

To form these detection phrases, one solution could be to concatenate all object
classes into a long utterance. However, this can be impractical if the domain-
vocabulary is “open”, or, in practice, very large (485 classes in ScanNet, 1600 in
Visual Genome and so on). Instead, assuming that we have object annotations, we
sample out of the positive labels that are annotated for a scene and a number of
negative ones, corresponding to class names that do not appear in the scene. Having
negative classes in the detection phrases helps the precision of the model, as it learns
not to fire for every noun phrase that appears in an utterance. More specifically, the
text-query contrastive losses described in the method section push the negative class’
text representation away from the query representation of existing objects.

MDETR also considers an object detection evaluation. However, there are two
noticeable differences. First, they use only single-category utterances, e.g. “Dog.”.
This category can be either positive (appears in the annotations) or negative (does
not appear in the annotations), according to a sampling ratio. Opposite to that, our
detection phrases are longer, consisting of multiple object categories, both positive
and negative. Second, MDETR employs these sentences after pre-training, to train
and evaluate their model as an object detector. Instead, we mix detection phrases
through the training, leading to considerable quantitative gains in both 3D and 2D.

Lastly, although the ratio r of positive to negative classes that appear in a detection
phrase is a hyperparameter, we report results only for » = 2 and sample at most 8

positive classes. We leave tuning of this hyperparameter for future research.

A.3 Additional ablations on 3D

We first ablate on how to encode the bounding box stream. We consider three options:

i) bounding box features alone, ii) bounding box features and soft logits obtained
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Model Accuracy
box features only 44.2
box features and logits 43.1
box features and class embeddings 48.5

Table A.1: Ablation for BUTD-DETR on the SR3D validation set. We
compare between different box encoding choices.

Model Accuracy
separate stream 45.7
concatenated to point cloud 48.5

Table A.2: Ablation for BUTD-DETR on the SR3D validation set. We
compare two fusion techniques between the visual and box stream in the encoder.

from the detector, iii) bounding box features and class embeddings, which is the
approach we use in BUTD-DETR . In all cases, the layers used to encode the boxes
are the same, as described in the results section. To encode logits, we apply softmax
and a linear layer that map the 485-d vectors to 32-d. Then we use this vector as
the “class embedding”, identical to how we handle class embeddings in case iii. The
comparison is shown in Table A.1. Combining box features and class embeddings
gives the best performance. The model that uses logits underperforms, possibly
because the predicted logits for training and testing come from different distributions:
the detector is overconfident in the training set (giving more peaky distributions) but

less confident on the test set (resulting in more smoothed distributions).

We also ablate on how to attend to the box stream in the encoder phase. We
experiment with a) having boxes as a separate stream and allowing visual tokens
to cross-attend to it; or b) append directly to every point in the cloud the features
of a box that contain it, padding with zeros for points that do not lie inside any
box, as described in A.1, which is what we use in the 3D version of BUTD-DETR .
Appending features to the point cloud works better, but attending to a separate
stream of boxes still largely outperforms the highest-performing competitor in the
literature (LanguageRefer with 39.5%). In our 2D implementation, appending box
features to pixels did not work, probably because of significant overlap between

multiple object proposals.
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A.4 Additional Results on 2D Language

Grounding

We test BUTD-DETR on Flickr30k entities dataset [265]. Given an utterance about
an image, the task is to predict bounding boxes for all the objects mentioned. Note that
unlike the referential grounding task we show in our main results that is evaluated on
RefCOCO/RefCOCO+, the task here is to find all objects mentioned in the utterance
and not only the root object. Following MDETR, we directly evaluate our pre-trained
model on Flickr30k without any further fine-tuning. For evaluation, we follow the
ANY-BOX protocol [181] and evaluate our performance in terms of Recall metric on
standard val and test splits. The results are shown in Table-2.4. We achieve results
comparable with state-of-the-art MDETR model while converging in less than half
the number of GPU hours.

A.5 More qualitative results

We show qualitative results of the 2D version of BUTD-DETR on RefCOCO in
Figure A.1. We also show failure cases on SR3D in Figure A.2. More qualitative
results on NR3D shown in A.3.

(a) right cow with white fur

(¢) bed in bottom right corner

Figure A.1: Qualitative results of BUTD-DETR on RefCOCO. The detector’s
proposals are shown in blue, our model’s prediction in green. BUTD-DETR can
predict boxes that the detector misses, e.g. in (b), the chair is missed by the detector
so none of the previous detection-bottlenecked approaches could ground this phrase.
In (a) and (c) the detector succeeds with low IoU but BUTD-DETR is able to predict
a tight box around the referent object.
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(a) the office chair that is (b) find the dresser that is (c) find the armchair that is
beside the chair next to the trash can next to the table

Figure A.2: Failure cases of BEAUTY-DETR on SR3D. Our predictions with red,
ground-truth with green. Even if the box is there, still our model can fail, proving
that ranking the correct boxes over other proposals remains a hard problem.

(c) Standing at the foot of the bed looking at
the head on the bed. It is the pillow in the
from on the bed on the right.

(b) Facing the beds you want the front pillow
on the left bed.

(a) choose the desk on the opposite side of the couch

Figure A.3: Qualitative results of BUTD-DETR on NR3D. Our predictions are
shown blue, ground-truth in green. The language of NR3D is more complex and the
utterances are longer. Case (c) is a failure case.
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Appendix B

ODIN: A Single Model for 2D and
3D Segmentation

B.1 Experiments

B.1.1 Evaluations on ScanNet and ScanNet200 Hidden Test
Sets

We submit ODIN to official test benchmarks of ScanNet [47] and ScanNet200 [294].
Following prior works, we train ODIN on a combination of train and validation scenes.
Unlike some approaches that employ additional tricks like DBSCAN [303], ensembling
models [178], additional specialized augmentations [360], additional pre-training on
other datasets [377], finer grid sizes [348] and multiple forward passes through points
belonging to the same voxel, our method avoid any such bells and whistles.

The results are shown in tables B.1,B.2,B.3,B.4. All conclusions from results on
the validation set of these datasets as discussed in the main chapter are applicable
here. On the ScanNet benchmark, ODIN achieves close to SOTA performance on
semantic segmentation and mAP25 metric of Instance Segmentation while being
significantly worse on mAP metric due to misalignments between sensor and mesh
sampled point clouds. On ScanNet200 benchmark, ODIN sets a new SOTA on

semantic segmentation and mAP50/mAP25 metric of Instance Segmentation, while
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Point Cloud Model mAP mAP50 mAP25
Sensor RGBD ~ ODIN-Swin-B (Ours) 47.7  71.2 86.2
Mesh Sampled  SoftGroup [344] 50.4 76.1 86.5
Mesh Sampled PBNet [406] 57.3 4.7 82.5
Mesh Sampled Mask3D [303] 56.6 78.0 87.0
Mesh Sampled QueryFormer [221] 58.3 78.7 87.4
Mesh Sampled MAFT [179] 59.6  78.6 86.0

Table B.1: Comparison on ScanNet for Instance Segmentation Task.

Point Cloud Model mloU
Sensor RGBD MVPNet [144] 64.1
Sensor RGBD BPNet [120] 74.9
Sensor RGBD DeepViewAgg [289] -

Sensor RGBD ODIN-Swin-B (Ours) 4.4
Rendered RGBD VMVF [177] 74.6
Mesh Sampled Point Transformer v2 [360]  75.2
Mesh Sampled Stratified Transformer [178]  74.7
Mesh Sampled OctFormer [348] 76.6
Mesh Sampled Swin3D-L [377] 77.9

Mesh Sampled (Zero-Shot) OpenScene [262] -

Table B.2: Comparison on ScanNet for Semantic Segmentation Task.

achieving close to SOTA performance on mAP metric. Notably ODIN is the first
method that operates over sensor RGB-D data for instance segmentation and achieves

competitive performance to models operating over mesh-sampled point clouds.

B.1.2 Evaluation on S3DIS and Matterport3D

We also benchmark ODIN on Matterport3D [24] and S3DIS [8] datasets.
Matterport: Matterport3D comprises 90 building-scale scenes, further divided
into individual rooms, with 1554 training rooms and 234 validation rooms. The
dataset provides a mapping from each room to the camera IDs that captured images
for that room. After discarding 158 training rooms and 18 validation rooms without
a valid camera mapping, we are left with 1396 training rooms and 158 validation
rooms. For instance segmentation results, we train the state-of-the-art Mask3D [303]
model on the same data (reduced set after discarding invalid rooms). For semantic

segmentation, we conduct training and testing on the reduced set, while baseline
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Point Cloud Model mAP mAP50 mAP25
Sensor RGBD ODIN-Swin-B (Ours) 27.2  39.4 47.5
Mesh Sampled Mask3D [303] 27.8 38.8 44.5
Mesh Sampled QueryFormer [221] - -
Mesh Sampled MAFT [179]

Mesh Sampled (Zero-Shot) OpenMask3D [331]

Table B.3: Comparison on ScanNet200 for Instance Segmentation Task.

Point Cloud Model mloU
Sensor RGBD  ODIN-Swin-B (Ours) 36.8

Mesh Sampled LGround [294] 27.2
Mesh Sampled CeCo [408] 34.0
Mesh Sampled Octformer [348] 32.6

Table B.4: Comparison on ScanNet200 for Semantic Segmentation Task.

numbers are taken from the OpenScene [262] paper, trained and tested on the original
data. Given the small size of the discarded data, we do not anticipate significant
performance differences. The official benchmark of Matterport3D tests on 21 classes;
however, OpenScene also evaluates on 160 classes to compare with state-of-the-art

models on long-tail distributions. We follow them and report results in both settings.

S3DIS: S3DIS comprises 6 building-scale scenes, typically divided into 5 for
training and 1 for testing. The dataset provides raw RGB-D images, captured
panorama images, and images rendered from the mesh obtained after reconstructing
the original sensor data. Unlike Matterport3D, S3DIS do not provide undistorted
raw images; thus, we use the provided rendered RGB-D images. Some rooms in
S3DIS have major misalignments between RGB-D images and point clouds, which
we partially address by incorporating fixes from DeepViewAgg [289] and introducing
our own adjustments. Despite these fixes, certain scenes still exhibit significantly
low overlap between RGB-D images and the provided mesh-sampled point cloud. To
mitigate this, we query images from other rooms and verify their overlap with the
provided point cloud for a room. This partially helps in addressing the low overlap

issue.

The official S3DIS benchmark evaluates 13 classes. Due to the dataset’s small size,
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21 160
Point Cloud Model mAP mAP25 mAP mAP25

Sensor RGBD  Mask3D [303] 7.2 16.8 2.5 10.9
Sensor RGBD  ODIN-ResNet50 (Ours)  22.5 56.4 11.5 27.6
Sensor RGBD  ODIN-Swin-B (Ours) 24.7 63.8 14.5 36.8

Mesh Sampled Mask3D [303] 22.9 559 11.3 239

Table B.5: Comparison on Matterport3D for Instance Segmentation Task.

21 160

Point Cloud Model mloU mAcc mloU mAcc
Sensor RGBD ODIN-ResNet50 (Ours) 54.5  65.8 224 285
Sensor RGBD ODIN-Swin-B (Ours) 57.3 69.4 28.6 38.2
Mesh Sampled TextureNet [123] - 63.0

Mesh Sampled DCM-Net [302] - 67.2 - -
Mesh Sampled MinkowskiNet [41] 54.2  64.6 - 18.4
Mesh Sampled (Zero-Shot) OpenScene [262] 42.6  59.2 - 23.1

Table B.6: Comparison on Matterport3D for Semantic Segmentation Task.

some models pre-train on additional datasets like ScanNet, as seen in SoftGroup [344],
and on Structured3D datasets [407], consisting of 21,835 rooms, as done by Swin3D-L
[377]. Similar to Mask3D [303], we report results in both settings of training from
scratch and starting from weights trained on ScanNet.

Like ScanNet and ScanNet200, both S3DIS and Matterport3D undergo post-
processing of collected RGB-D data to construct a mesh, from which a point cloud
is sampled and labeled. Hence, we train both Mask3D [303] and our model using
RGB-D sensor point cloud data and evaluate on the benchmark-provided point
cloud. Additionally, we explore model variants by training and testing them on the
mesh-sampled point cloud for comparative analysis.

We draw the following conclusions:

ODIN outperforms SOTA 3D models on Matterport3D Instance Segmentation Bench-
mark across all settings (table B.5)

ODIN sets a new state-of-the-art on Matterport3D Semantic Segmentation Benchmark
(table B.6): Our model achieves superior performance in both the 21 and 160 class
settings. It also largely outperforms OpenScene [262] on both settings. OpenScene is a
zero-shot method while ODIN is supervised in-domain, making this comparison unfair.

However, OpenScene notes that their zero-shot model outperforms fully-supervised
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Point Cloud Model mAP mAP50 mAP25
Sensor RGBD  Mask3D [303] 40.7 54.6 64.2
Mask3D [303] T 413 559  66.1

Sensor RGBD  ODIN-ResNet50 (Ours) 36.3 48.0 61.2
Sensor RGBD  ODIN-ResNet50 T (Ours) 44.7  57.7 67.5
Sensor RGBD  ODIN-Swin-B T (Ours) 43.0  56.4 70.0

Mesh Sampled  SoftGroup [344] T 51.6 66.1 -
Mesh Sampled Mask3D [303] 56.6 68.4 75.2
Mesh Sampled Mask3D [303] T 57.8 71.9 77.2
Mesh Sampled QueryFormer [221] 57.7 69.9 -
Mesh Sampled MAFT [179] - 69.1 757

Table B.7: Comparison on S3DIS Areab for Instance Segmentation Task. (T
= uses additional data)

Point Cloud Model mloU
Sensor RGBD  MVPNet [144] 62.4
Sensor RGBD  VMVF [177] 65.4
Sensor RGBD  DeepViewAgg [289] 67.2
Sensor RGBD  ODIN-ResNet50 (Ours) 59.7
Sensor RGBD ~ ODIN-ResNet50 f (Ours) 66.8
Sensor RGBD ~ ODIN-Swin-B T (Ours) 68.6

Mesh Sampled Point Transformer v2 [360]  71.6
Mesh Sampled Stratified Transformer [178]  72.0
Mesh Sampled Swin3D-L [377] | 74.5

Table B.8: Comparison on S3DIS for Semantic Segmentation Task. (T = uses
additional data)

models in 160 class setup as their model is robust to rare classes while the supervised
models can severely suffer in segmenting long-tail. ConceptFusion [146], another
open-vocabulary 3D segmentation model, also draws a similar conclusion. With
this result, we point to a possibility of supervising in 3D while also being robust to
long-tail by simply utilizing the strong 2D pre-trained weight initialization.

On S3DIS Instance Segmentation Benchmark (table B.7), in the setup where
baseline Mask3D start from ScanNet pre-trained checkpoint, our model outperforms
them in the RGBD point cloud setup but obtains lower performance compared to
mesh sampled point cloud methods and when compared on the setup where all models

train from scratch.

On S3DIS Semantic Segmentation Benchmark (table B.8, ODIN trained with
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Input Model All Head Common Tail
mAP mAP50 mAP25 mAP mAP50 mAP25 mAP mAP50 mAP25 mAP mAP50 mAP25

Mask3D ¥ [303] 15.5 21.4 24.3 21.9 31.4 37.1 13.0 17.2 18.9 7.9 10.3 11.5
Sensor RGBD point cloud ~ ODIN-ResNet50 (Ours)  25.6 36.9 43.8 34.8 51.1 63.9 234 334 37.9 17.8 24.9 28.1
ODIN-Swin-B (Ours) 31.5 45.3 53.1 37.5 54.2 66.1 31.6 43.9 50.2 24.1 36.6 41.2

Mesh Sampled point cloud Mask3D [303] 27.4 37.0 42.3 40.3  55.0 62.2 22.4 30.6 35.4 18.2 23.2 27.0

Table B.9: Detailed ScanNet200 results for Instance Segmentation (® =
trained by us using official codebase)

ScanNet weight initialization outperforms all RGBD point cloud based methods,
while achieving competitive performance on mesh sampled point cloud. When trained
from scratch, it is much worse than other baselines. Given the limited dataset size of

S3DIS with only 200 training scenes, we observe severe overfitting.

B.1.3 ScanNet200 Detailed Results

ScanNet200 [294] categorizes its 200 object classes into three groups—Head, Common,
and Tail—each comprising 66, 68, and 66 categories, respectively. In table B.9,
we provide a detailed breakdown of the ScanNet200 results across these splits. We
observe that in comparison to SOTA Mask3D model trained on mesh-sampled point
cloud, ODIN achieves lower performance on Head classes, while significantly better
performance on Common and Tail classes. This highlights the contribution of
effectively utilizing 2D pre-trained features, particularly in detecting a long tail of

class distribution where limited 3D data is available.

B.1.4 Variation of Performance with Number of Views

We examine the influence of the number of views on segmentation performance using
the AI2THOR dataset, specifically focusing on the 2D mAP performance metric.
The evaluation is conducted by varying the number of context images surrounding
a given query RGB image. Starting from a single-view without any context (N=0),
we increment N to 5, 10, 20, 40, 60, and finally consider all images in the scene as
context. ODIN takes these NV 4+ 1 RGB-D images as input, predicts per-pixel instance
segmentation for each image, and assesses the 2D mAP performance on the query
image. The results, depicted in fig. B.1, show a continuous increase in 2D mAP with

the growing number of views. This observation underscores the advantage of utilizing
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Figure B.1: 2D mAP Performance Variation with increasing number of
context views used

multiview RGB-D images over single-view RGB images whenever feasible.

B.1.5 Inference Time

We assess the inference time of Mask3D and ODIN by averaging the forward pass
time of each model across the entire validation set, utilizing a 40 GB VRAM A100.
When fed the mesh-sampled point cloud directly, Mask3D achieves an inference time
of 228ms. When provided with the sensor point cloud as input, the inference time
increases to 864 ms. Mask3D with sensor point cloud is slower than with mesh point
cloud because at the same voxel size (0.02m), more voxels are occupied in sensor point
cloud ( 110k on avg.) compared to mesh point clouds ( 64k on avg.) as mesh-cleaning
sometimes discards large portion of the scene. The transfer of features from the
sensor point cloud to the mesh point cloud adds an extra 7 ms. ODIN-SwinB, which

operates over the sensor point cloud, has an inference time of 960ms.

B.2 Additional Implementation Details

The detailed components of our architecture and their descriptions are presented in

fig. B.2.
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Figure B.2: Detailed ODIN Architecture Components: On the Left is the
3D RelPos Attention module which takes as input the depth, camera parameters
and feature maps from all views, lifts the features to 3D to get 3D tokens. Each
3D token serves as a query. The K-Nearest Neighbors of each 3D token become the
corresponding keys and values. The 3D tokens attend to their neighbours for L layers
and update themselves. Finally, the 3D tokens are mapped back to the 2D feature
map by simply reshaping the 3D feature cloud to 2D multi-view feature maps. On the
Middle is the query refinement block where queries first attend to the text tokens,
then to the visual tokens and finally undergo self-attention. The text features are
optional and are only used in the open-vocabulary decoder setup. On the Right is
the segmentation mask decoder head where the queries simply perform a dot-product
with visual tokens to decode the segmentation heatmap, which can be thresholded to
obtain the segmentation mask. In the Open-Vocabulary decoding setup, the queries
also perform a dot-product with text tokens to decode a distribution over individual
words. In a closed vocabulary decoding setup, queries simply pass through an MLP
to predict a distribution over classes.

More implementation details are presented below:

Augmentations: For RGB image augmentation, we implement the Large Scale
Jittering Augmentation method from Mask2Former [36], resizing images to a scale
between 0.1 and 2.0. We adjust intrinsics accordingly post-augmentation and apply
color jittering to RGB images. Training involves a consecutive set of N images,
typically set to 25. With a 50% probability, we randomly sample k images from
the range [1, N] instead of using all N images. Additionally, instead of consistently
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sampling N consecutive images, we randomly skip k& images in between, where k
ranges from 1 to 4.

For 3D augmentations, we adopt the Mask3D [303] approach, applying random
3D rotation, scaling, and jitter noise to the unprojected XYZs. Elastic distortion and
random flipping augmentations from Mask3D are omitted due to a slight drop in
performance observed in our initial experiments.

Image Resolutions We use a resolution of 256 x 256 for ScanNet, 512 x 512 for
ScanNet200, and AI2THOR. In our AI2THOR experiments, we discovered that
employing higher image resolutions enhances the detection of smaller objects, with no
noticeable impact on the detection of larger ScanNet-like objects. This observation
was confirmed in ScanNet, where we experimented with 512 x 512 image resolutions
and did not observe any discernible benefit.

Interpolation Throughout our model, interpolations are employed in various in-
stances, such as when upsampling the feature map from 1/8th resolution to 1/4th. In
cases involving depth, we unproject feature maps to 3D and perform trilinear interpo-
lation, as opposed to directly applying bilinear interpolation on the 2D feature maps.
For upsampling/downsampling the depth maps, we use the nearest interpolation.
Trilinear interpolation proves crucial for obtaining accurate feature maps, particularly
at 2D object boundaries like table and floor edges. This is because nearest depth
interpolation may capture depth from either the table or the floor. Utilizing trilinear
upsampling of feature maps ensures that if the upsampled depth is derived from the
floor, it interpolates features from floor points rather than table points.

Use of Segments: Some datasets, such as ScanNet and ScanNet200, provide
supervoxelization of the point cloud, commonly referred to as segments. Rather
than directly segmenting all input points, many 3D methods predict outputs over
these segments. Specifically, Mask3D [303] featurizes the input points and then
conducts mean pooling over the features of points belonging to a segment, resulting
in one feature per segment. Following prior work, we also leverage segments in a
similar manner. We observe that utilizing segments is crucial for achieving good
mAP performance, while it has no discernible impact on mAP25 performance. We
suspect that this phenomenon may arise from the annotation process of these datasets.
Humans were tasked with labelling segments rather than individual points, ensuring

that all points within a segment share the same label. Utilizing segments with our
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models guarantees that the entire segment is labelled with the same class. It’s worth
noting that in AI2THOR, our method and the baselines do not utilize these segments,
as they are not available.

Post-hoc output transfer vs feature transfer: ODIN takes the sensor point
cloud as input and generates segmentation output on the benchmark-provided point
cloud. In this process, we featurize the sensor point cloud and transfer these features
from the sensor point cloud to the benchmark-provided point cloud. Subsequently, we
predict segmentation outputs on this benchmark-provided feature cloud and supervise
the model with the labels provided in the dataset. An alternative approach involves
segmenting and supervising the sensor RGB-D point cloud and later transferring the
segmentation output to the benchmark point cloud for evaluation. We experimented
with both strategies and found them to yield similar results. However, as many
datasets provide segmentation outputs only on the point cloud, transferring labels
to RGB-D images for the latter strategy requires careful consideration. This is due
to the sparser nature of the provided point cloud compared to the RGB-D sensor
point cloud, and factors such as depth noise and misalignments can contribute to
low-quality label transfer. Consequently, we opt for the former strategy in all our
experiments.

Depth Hole-Infilling: The sensor-collected depth maps usually have holes around
object boundaries and shiny/transparent surfaces. We perform simple OpenCV depth
inpainting to fill these holes. We tried using neural-based depth completion methods
and NERF depth-inpainting but did not observe significant benefits.

AI2THOR Data Collection: AI2THOR [174] is an embodied simulator where
an agent can navigate within a house, execute actions, and capture RGB-D images
of the scene. We load the structurally generated houses from ProcTHOR [54] into
the AI2THOR simulator, and place an agent randomly at a navigable point provided
by the simulator. The agent performs a single random rotation around its initial
location and captures an RGB-D frame. This process is repeated, with the agent
spawning at another random location, until either all navigable points are exhausted
or a maximum of N = 120 frames is collected. While ProcTHOR offers 10,000 scenes,
we randomly select only 1,500 scenes to match the size of ScanNet. Additionally, we
retain scenes with fewer than 100 objects, as our model utilizes a maximum of 100

object queries.
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ScanNet
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Figure B.3: Qualitative Results on various 3D and 2D datasets

161



B. ODIN: A Single Model for 2D and 3D Segmentation

B.3 Qualitative Results

fig. B.3 shows qualitative visualizations of ODIN for various 3D and 2D datasets.
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Appendix C

Analogy-Forming Transformers for
Few-Shot 3D Parsing

Our Appendix is organized as follows: In Section C.1, we provide implementation
details and pseudo-code for training Analogical Networks. In Section C.2 we ablate
Analogical Networks” performance under varying memory retrieval schemes in 5-
shot setting and show qualitative results for the retriever in Section C.3. We show
more results on noisy point clouds (ScanObjectNN [341] dataset) in C.4. We provide
extensive qualitative visual object parsing results for single and multi-memory variants
of Analogical Networks in section C.5. Lastly, we discuss additional related literature
in Section C.6.

C.1 Implementation Details and Training Pseudo
Code

The modulator encodes the input scene S and each retrieved memory scene M
into a set of 3D point features using PointNet++ backbone. We encode positional
information using rotary 3D positional encodings [186, 325], which have the property
that P(x)T P(y) = P(y — ), where P the positional encoding function and z,y two
3D points. These embeddings are multiplied with queries and keys in the attention

operations, thus making attention translation-invariant. For memory queries, we use
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the centroid of the corresponding memory part to compute positional encodings. For
scene-agnostic queries, we use the center of the input object.

Each labelled part p in each memory M is encoded into an 1D feature vector
fé” by average pooling its point features. Next, the queries (memory and scene-
agnostic combined) self-attend and cross-attend to the input point features and
update themselves; point features self-attend and cross-attend to queries to also
update themselves. This input feature update is a difference from existing detection
transformers, where only the queries are updated. We consider 6 layers of self and
cross-attention.

Lastly, we upsample the point features to the original resolution using convolutional
layers [270] and compute an inner product between each query and point feature to
compute the segmentation mask for each query. The output of the modulator is a
set of N, segmentation mask proposals and corresponding confidence scores, where
N, is the total number of queries. At training time, these proposals are matched
to ground-truth instance binary masks using the Hungarian matching algorithm
[23]. For the proposals that are matched to a ground-truth instance, we compute
the segmentation loss, which is a per-point binary cross-entropy loss [35, 345]. We
also supervise the confidence score of each query, similar to [23]. The target labels
are 1 for the proposals matched with a ground-truth part and 0 for non-matched.
We found it beneficial to apply these losses after every cross-attention layer in the
modulator. At test time, we multiply the per point mask occupancy probability with
tiled confidence scores to get a N, x N, tensor (N, is the number of points); then
each point is assigned to the highest scoring query by computing inner product and
taking per-point argmax over the queries. The modulator’s weights are trained with
within-scene and cross-scene training where the modulating memories are sampled
from the top-k retrieved memories. During cross-scene training, we further co-train
with within-scene training data.

For both stages of training (i.e. within-scene correspondence pre-training and
cross-scene training), we use AdamW optimizer [218] with an initial learning rate
of 2e—4 and batch size of 16. We train the model for 100 epochs within-scene and
60 cross-scene. For few-shot fine-tuning/evaluation, we use AdamW optimizer with
an initial learning rate of 3e—5 and batch size of 8. We fine-tune for 90 epochs

and we report the performance across 10 different episodes, where each episode has
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Algorithm 1 Pseudo code for within-scene correspondence pre-training of
Analogical Networks

# S: input point cloud, M: memory point cloud, Np: numbers of points in S or M, N: sub-sampled points
, C: number of feature channels, P: number of parts in M

augment: a sequence of standard 3D point cloud augmentations

pc_encoder: point cloud encoder

Xp(M): ground-truth label assignment of points in parts, copied directly from the memory

part_encoder: Computes the part features using mean pooling

pos_encode: Adds positional encoding

upsampler: Upsamples point cloud

Segmentation_Loss: Cross entropy loss to assign each point to the Hungarian matched query.

HEHFEHIEH

for S in dataloader: # load a batch with B samples
S # the memory is the un-augmented version
augment (S) # the input is augmented

: Bx Npx 3 and M: Bx Np x 3
ompute point features

= pc_encoder(S8) # B x N x C

= pc_encoder(M) # B x N x C

T oH R
22wl

# Initialize memory part queries
£°M = part_encoder(F"M) # B x P x C

# Compute positional embedding
x_pos = pos_encode(F~S)
y_pos = pos_encode(f"M) # B x P x C

Loss = 0
# Do multiple layers of modulation using Self-Attn and Cross-Attn
for layer in num_layers:

x = Cross-Attn(x, y, X_pos, y_pos) #BxNzxC
y = Cross-Attn(y, x, y_pos, x_pos) # B x P x C
x = Self-Attn(x, x_pos) # B x N x C

y = Self-Attn(y, y_pos) # B x P x C

X = upsampler(x) # B x Np x C

point_query_similarity = matmul (normalize(X), normalize(y.T)) # B x Np x P
Loss += Segmentation_Loss(argmax(point_query_similarity, -1), Xp(M))
# optimizer step

loss.backward ()
optimizer.step()

a different set of K support samples. We describe Analogical Networks’ training
details in pseudo-code for within (Algorithm 1) and cross-scene training (Algorithm 2)

respectively.

For our DETR3D baseline we use same hyperparameters and train for 250 epochs.
Training takes approximately 15 and 20 minutes per epoch on a single NVIDIA A100
gpu for DETR3D and Analogical Networks respectively. For the multi-memory model
we reduce the batch size to 8 and the learning rate to le—4. Each epoch takes around

50 minutes.
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Algorithm 2 Pseudo code for cross-scene training of Analogical Networks

# S: input point cloud, M: retrieved memory point cloud, Np: numbers of points in S or M, N: sub-
sampled points, C: number of feature channels, P: number of parts in M, target_classes: semantic
classes of ground-truth parts of S

Q: number of learnable scene-agnostic queries

pc_encoder: point cloud encoder

Xp_Hungarian: Hungarian matched label assignment of points in S to queries

yp_Hungarian: Hungarian matched label assignment of queries to GT parts in S

matched: indices of queries that have been matched to a ground-truth part

part_encoder: Computes the part features using mean pooling

pos_encode: Adds positional encoding

upsampler: Upsamples point cloud

Objectness_Loss: Binary cross entropy loss to decide which queries (scene-agnostic+learnable) would
be responsible for decoding parts

Segmentation_Loss: Cross entropy loss to assign each point to the hungarian matched query.

Semantic_Loss: Cross entropy loss to map hungarian matched queries to semantic classes

HHHH R

H*

for S,M in dataloader: # load a batch with B samples
#S : Bx Npx 3 and M: B x Np x 3

ompute point features

pc_encoder(S) # B x

#C
F°S
F"M = pc_encoder(M) # B x

NxC
NxC
# Initialize memory part queries
f°M = part_encoder(F"M) # B x P x C

# Compute positional embedding
x_pos = pos_encode (F~S)
y = pos_encode(Concatenate(f"M, scene_agnostic_queries)) # B x (P + Q) x C

Loss = 0
# Do multiple layers of modulation using Self-Attn and Cross-Attn
for layer in num_layers:

x = Cross-Attn(x, y, x_pos, y_pos) # B x N x C
y = Cross-Attn(y, x, y_pos, x_pos) # B x P x C
x = Self-Attn(x) # B x N x C
y = Self-Attn(y) # B x P x C
X = upsampler(x) # B x Np x C

point_query_similarity = matmul (normalize(X), normalize(y.T)) # B x Np x (P + Q)

Loss += Segmentation_Loss(armax(point_query_similarity, -1), Xp_Hungarian) + Objectness_Loss(y
, yp_Hungarian) + Semantic_Loss(y[matched], target_classes)

# optimizer step
loss.backward ()
optimizer.step()

Method Fine-tuned? | Modulating Memory 1\;:,}?(1) tci‘;slg(z?)/.
Random category-constr. 48.5 4+ 0.76
Retriever category-constr. 53.8£1.03
AnalogicalNets single-mem X Oracle 61.9 £1.22
Random category-constr. 53.0 £1.28
Retriever category-constr. 58.3 + 1.36
AnalogicalNets single-mem v Oracle 62.3 £ 0.66

Table C.1: Ablations on ARI segmentation performance under varying
retrieval schemes for 5-shot on 4 novel categories.
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Base Categories Novel Categories
Chair | Display Stor'agc Bottle | Clock | Door Ear Faucet | Knife | Lamp T1:e1sh Vase | Table | Bed | Dishwasher | Refrigerator
Furniture phone Can
6323 928 2269 436 554 | 225 228 648 327 | 2207 | 321 | 1076 | 8218 | 194 181 187

Table C.2: Number of samples per category in the PartNet dataset [243].
Note that each sample has annotations for three levels of segmentation granularity.

C.2 Performance under Varying Retrieval

Schemes

In the few-shot setting, we evaluate the performance of Analogical Networks under
varying memory retrieval schemes in Table C.1. We compare against a hypothetical
oracle retriever that can fetch the most helpful (in terms of resulting ARI) memory
for each input. All examined retrievers are category-constrained, i.e., they have
access to the object category of the input and retrieve an object of the same category.
Our conclusions are as follows: (i) Analogical Networks with an oracle mem-
ory retriever perform better than Analogical Networks using memories
retrieved by the retriever. This suggests that better training of our retriever or
exploring its co-training with the rest of our model could have significant impact
in improving its performance. (ii) Considering any of the 5-shot exemplars

randomly does worse than using memories retrieved by our retriever.

C.3 Qualitative Performance of the Retriever

We show qualitative results of the retriever on multiple classes, both seen (Figure C.1)
during training and unseen (Figure C.2). We observe the following: (i) The retriever
considers fine-grained object similarities and not only class information.
To illustrate this, we include two examples for the “Chair” and “Earphone” classes in
Figure C.1, as well as the “Bed” and “Refrigerator” classes in Figure C.2. Different
instances of the same category retrieve very different memories, that share both
structural and semantic similarities with the respective input point cloud. (ii) The
retriever generalizes to novel classes, not seen during training, as shown in
Figure C.2.
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Input Point Retrieved Retrieved Retrieved Retrieved
Cloud Memory rank 1 Memory rank 2 Memory rank 3 Memory rank 4
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Figure C.1: Top-4 retrieved results for each input point cloud. Examples from base
classes of PartNet [243] dataset. Note that instances of the same category can retrieve
different memories, focusing on structural similarity and not only semantic.

C.4 Evaluation on ScanObjectNN Dataset

We test Analogical Networks on ScanObjectNN [341], which contains noisy and
incomplete real-world point clouds. We split the training into 11 classes seen during
training (bag, bin, box, cabinet, chair, desk, door, pillow, shelf, sink, sofa) and 4
unseen (bed, display, table, toilet). Note that ScanObjectNN is not consistently
labelled. For example, as we show in rows 5 and 6 of Figure C.9, the legs of a chair
may be annotated as a single part or multiple parts in the dataset. Although the
PartNet dataset provides the “level” information, there is no such information in

ScanObjectNN. Therefore we only qualitatively evaluate our model in Figure C.9.
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Input Point Retrieved Retrieved Retrieved Retrieved

Cloud Memory rank 1 Memory rank 2 Memory rank 3 Memory rank 4

Figure C.2: Top-4 retrieved results for each input point cloud. Examples from novel
classes of PartNet [243] dataset. Note that instances of the same category can retrieve
different memories, focusing on structural similarity and not only semantic. This
behavior generalizes to novel classes as well, even if the model has never seen such
geometries before.

We can see that our predictions are always plausible and consistent with the retrieved

memory, even if the expected label space is different.
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C.5 Qualitative Results for Single-Memory and
Multi-Memory Analogical Networks

In this section, we show our model’s qualitative results for object parsing. In the
Figures C.3, C.4, C.5, C.6, C.7, C.8, C.9 we use the following 5-column pattern:

e Unlabelled input point cloud
e Memory used for modulation

e Object parsing generated using only the memory part queries (not the scene-
agnostic queries). In this column, regions that are not decoded by a memory

part query are colored in black.

¢ Final predicted segmentation parsing using both memory-initialized queries and
scene-agnostic queries. Regions that are colored in black in the third column but

colored differently in the fourth column are decoded by scene-agnostic queries.

¢ [nput point cloud’s ground truth segmentation at the granularity level of the

memory.

We qualitatively show the emergence of part correspondence between retrieved
memory (column 2) and the input point cloud parsed using memory queries (column 3).
Parts having the same color in columns 2 and 3 demonstrate correspondence, i.e. a part
in column 2 decodes the part with the same color in column 3. Analogical Networks
promote correspondence of parts on both base (Figure C.3 bottom and C.4) and
novel (Figure C.3 top and C.5) categories. This correspondence is semantic but
also geometric, as can be seen in Figure C.7. When multiple memories are avail-
able, Analogical Networks mix and match parts of different memories to parse the
input. Furthermore, we show parsing results for AnalogicalNets single-mem w/o
within-scene in Figure C.8. We observe that all of memory part query are inactive
in the parsing stage. This demonstrates the utility of within-scene pre-training, as
without this pre-training part correspondence does not emerge, as shown in Figure
C.8. Lastly, we show that Analogical Networks generalize to noisy and incomplete

point clouds in ScanObjectNN.
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C.6 Additional related work

Neural-symbolic models Analogical Networks are a type of neural-symbolic
model that represents knowledge explicitly, in terms of structured visual memories,
where each one is a graph of part-entity neural embeddings. A structured visual
memory can be considered the neural equivalent of a FRAME introduced in [240],
“a graph of nodes and their relations for representing a stereotyped situation, like
being in a certain kind of living room, or going to a child’s birthday party”, to quote
Minsky [240]. FRAME nodes would operate as “slots” to be filled with specific
entities, or symbols, in the visual scene. Symbol detection would be carried out by
a separate state estimation process such as general-purpose object detectors [410],
employed also by recent neuro-symbolic models [233, 383, 384]. In-the-wild detection
of symbols (e.g., chair handles, faucet tips, fridge doors) typically fails, which is
the reason why these earlier symbolic systems of knowledge, largely disconnected
from the sensory input, have not been widely adopted. Analogical Networks take a
step towards addressing these shortcomings by including symbol detection as part of
inference itself, through a top-down modulation that uses the context represented in
the memory graph, to jointly search for multiple entities and localize them in context
of one another.

3D instance segmentation has been traditionally approached as a clustering
problem [31, 314]. Point-based methods learn either translation vectors mapping
every point to its instance’s center [28, 149, 344] or similarities across points [350, 397],
followed by one or more stages of clustering. Similarly, [154, 351] oversegment the
point cloud into small regions and then merge them into parts. Yu et al. [385]
recursively decompose a point cloud into segments of finer resolution. [243, 328]
learn representative vectors that form clusters by voting for each point. However,
these approaches usually assume a fixed label space and need to train a separate
model for each sub-task. In contrast, we employ Detection Transformers [23] for
instance segmentation by repurposing the query vectors to act as representative
vectors. We extend this set of queries with memory-initialized queries, enabling
in-context reasoning. This allows us to train one model across all categories. As our
results show, in absence of such memory contextualization, training one model across

multiple categories hurts generalization (Table 4.3).
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Input Point Retrieved Memory query Predicted Ground Truth
Cloud Memory Segmentation segmentation Segmentation
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Figure C.3: More qualitative object parsing results using Analogical Networks.
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Input Point Retrieved Memory query Predicted Ground Truth

Cloud Memory Segmentation segmentation Segmentation

Figure C.4: More qualitative object parsing results that are predicted by
Analogical Networks.
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Input Point Retrieved Memory query Predicted Ground Truth

Cloud Memory Segmentation segmentation Segmentation

Figure C.5: Qualitative results on novel category samples from PartNet dataset [243]

using Analogical Networks without fine-tuning.
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Input Point Retrieved Memory query Predicted Ground Truth

Cloud Memory Segmentation segmentation Segmentation
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Figure C.6: Modulation using multi-memory Analogical Networks. Our model takes
as input 5 different memories simultaneously and then parses the object. Each row
shows the effect of a different memory. All memories decode simultaneously and we
show which part each one decodes in the third column. In the fourth column we show
the combined predictions of all memories and scene-agnostic queries.
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Input Point Retrieved Memory query Predicted Ground Truth
Cloud Memory Segmentation segmentation Segmentation

Input Point Retrieved Memory query Predicted Ground Truth

Cloud Memory Segmentation segmentation Segmentation
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Figure C.7: To qualitatively evaluate the effect of modulation in parsing: Top: we
manually annotate the retrieved memory with random labels that do not correspond
to any PartNet level. Our model adapts to the new label space. Bottom: we use as
memory an object of a different category. The model is able to generalize geometric
correspondences across instances of totally different classes, e.g. display and clock.
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Input Point Retrieved Memory query Predicted Ground Truth
Cloud Memory Segmentation segmentation Segmentation
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Figure C.8: We show the parsing of input point cloud using AnalogicalNets
single-mem w/o within-scene. Most regions are black in column 3, denoting
that memory part queries do not decode anything and everything is being decoded
by scene-agnostic queries. This highlights the role of within-scene pre-training for
the emergence of part correspondence.
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Input Point Retrieved Memory query Predicted Ground Truth
Cloud Memory Segmentation segmentation Segmentation
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Figure C.9: Results on base category samples from ScanObjectNN [341] using
Analogical Networks.
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Appendix D

Energy-based Models are Zero-Shot
Planners for Compositional Scene

Rearrangement

In Section D.1 we give implementation details for the components of our method; in
Section D.2 we present in more detail the evaluation metrics for the newly-introduced
tasks; in Section D.3 we show the effectiveness of closed-loop execution for predicting
the success or failure of execution and present a detailed error analysis; we visualize
the learned energy landscapes in Section D.4; in Section D.5 we include additional

related work on constraint-guided layout optimization.

D.1 Implementation Details

Energy-based Models: The architectures of the BinaryEBM and MultiAryEBM
are shown in Figure D.1la and b respectively. We train a separate network for each
concept in our library using the same demos that are used to train the other modules.
We augment and repeat the samples multiple times to create an artificially larger
dataset during training. We use Adam [171] optimizer, learning rate le — 4, batch
size 128.

Buffer: During training, we fill a buffer of previously generated examples, following

[70]. The buffer is updated after each training iteration to store at most 100000
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Figure D.1: (a): Architecture of the EBM used for binary concepts such as “right of”.
The inputs are two boxes O; and O, and the output is the energy of their relative
placement. (b): Architecture of the EBM used for multi-ary concepts such as “circle”.
The input is a set of n entities O,k = 1,...,n. The output is the energy of this
set of entities wrt the concept. (c): Architecture of the EBM used for 3D binary
concepts such as “on”. Each object is now represented by a 3D bounding box. (d):
Architecture of the EBM used for concepts that involve pose optimization (rotation).
Each object is represented with its center and rotation wrt the global coordinate
frame.

generated examples. When the buffer is full, we randomly replace older examples
with incoming new ones. We initialize xy for Equation 5.1 by sampling from the
buffer 70% of the times or loading from the data loader 30% of the times.

Regularization losses: We use the KL-loss from [70], Lip = ]Ex_wpeEg(x_), where
the bar on top of E indicates the stop-gradient operation (we only backpropagate to
E through 7). We additionally use the L2 energy regularization loss E,+.,, E§(z ")+

E,-po E3(x7). We refer the reader to [70] for more explanation on these loss terms.

Exzxtension to tasks with 3D information or pose: An important design choice is
what parameters of the input we should be able to edit. We inject the prior knowledge
that on our manipulation domain the objects move without deformations, so we fix
their sizes and update only their positions. Our EBMs operate on boxes so that they
can abstract relative placement without any need for object class or shape information.
However, EBMs can be easily extended to optimize other types of representations,

such as 3D bounding boxes or pose.
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Table D.1: All operations in the domain-specific language for SREM

Operation Signature Semantics
Filter (ObjectSet, ObjectConcept) Filter out set of objects based
— ObjectSet on some Object Concept like

object name (eg. cube) or prop-
erty (color, material)

BinaryEBM (Object A, Object B, Relation) Executes BinaryEBM:s for rear-
— (Pick locations, Place loca- ranging Object A and Object B
tions) to satisfy the given binary rela-

tion (like left of /right of /inside
etc.)

MultiAryEBM  (ObjectSet, Shape Type, Prop- Executes MultiAryEBMs for
erty) — (Pick locations, Place the given Shape Type (circle,
locations) line, etc.) with specified Prop-

erties (like size, position etc.)
on a set of given objects and
generates pick and place loca-
tions to complete the shape.

We train EBMs that optimize over 3D locations for relative placement. The
architecture is shown in Figure D.1lc. We adapt the BinaryEBM to represent boxes
as (TYZmin, TYZmae) and then compute the relative representations as in the 2D

“on”. For pose-aware EBMs, we adapt the

case. We optimize for one 3D relation,
MultiAryEBM to represent objects as (Zeenters Yeenter, ), Where € is the rotation wrt
the world frame. We then simply change the first linear layer of the MultiAryEBM
to map the new input tuple to a 128-d feature vector. The architecture is shown
in Figure D.1d. We show qualitative results that compose these EBMs into new

concepts on our website.

Domain-Specific Language: We design a Domain-Specific Language (DSL)
which extends the DSL of NS-CL [233] (designed for visual question answering in
CLEVR [152]) to further predict scene generations, e.g. “put all brown shoes in the
green box”. Detailed description of our DSL can be found in Table D.1.

Semantic Parser We construct program annotations for the language instructions
of the training demos by mapping them to our DSL (rule-based). We then train our

parser on all instructions using Adam optimizer with learning rate le — 3 and batch

181



D. Energy-based Models are Zero-Shot Planners for Compositional Scene
Rearrangement

size 32. The same parser weights are used across all tasks. For compositional tasks,
we train the parser on the descriptions from the demos that are used to finetune our
baselines. The parser is the only part of our framework that needs to be updated to
handle longer instructions.

Visual-language Grounder: We finetune BUTD-DETR [135] on the scenes of
the training demos in simulation. BEAUTY-DETR is an encoder-decoder Detection
Transformer that takes as input an image and a referential language expression and
maps word spans to image regions (bounding boxes). The original BEAUTY-DETR
implementation uses an additional box stream of object proposals generated by an
off-the-shelf object detector. We use the variant without this box stream for simplicity.
BEAUTY-DETR has been trained on real-world images. We finetune it using the
weights and hyperparameters from the publicly available code of [135].

Short-term Manipulation Skills Our low-level policy network is based on
Transporter Networks. Transporter Networks decompose a given task into a sequence
of pick-and-place actions. Given an overhead image, the model predicts a pick location
and then conditions on it to predict a place location and gripper pose. The original
implementation of Transporter Networks supports training with batch size 1 only.
We implement a batch-supporting version and find it more stable. We use batch size

8 and follow the original paper in other hyperparameter values.

D.2 Benchmark Generation

We extend the Ravens [394] benchmark for spatial reasoning in the PyBullet simulator.
For each benchmark, we write a template sentence (e.g. “Arrange OBJ1 into a circle”)
and then randomly select valid objects and colors from a pre-defined list. To test
generalization, we include novel colors or novel objects in the evaluation set. Once
the sentence is generated, we programatically define valid regions which satisfy the
relation and then sample empty locations from it to specify object goal locations. We
start by placing all objects randomly in the scene. Then, an oracle hand-designed
policy picks and places the objects to the desired locations and returns a demo
trajectory which consists of raw RGB-D images and pick-and-place locations. These
can be used then to train a behaviour cloning policy similar to CLIPort.

Fvaluation Metrics for Rearrangement Tasks To evaluate make-a-circle task, we
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fit a best-fit circle for the final configuration predicted by SREM. To do this, we
consider the centers of the bounding boxes as points. Then, we compute the centroid
of those points and the distance of each point from the centroid. This is an estimate
of “radius”. We compute the standard deviation of this radius. If this is lower than
0.03, then we assign a perfect reward. The reward linearly decreases when the std
increases from 0.03 to 0.06. Beyond that, we give zero reward. We tuned these
thresholds empirically by generating and distorting circle configurations.

We follow a similar evaluation strategy for make-a-line. Here we compute the
average slope and fit a line to our data. Then we measure the standard deviation of
the distance of each point from the line. We found that the same thresholds we use

for circles work well for lines as well.

D.3 Additional Experiments

Details on Generalization Experiments: We conduct controlled studies of our
model’s generalization across three axes: a) Novel Colors b) Novel background color
of the table ¢) Novel Objects. In each of these settings, we only change one attribute
(i.e. object color, background color or object instance) while keeping everything else
constant.

e Nowel colors: We train the models with [“blue”, “red”, “green”, “yellow”,
“brown”, “gray”, “cyan”| colors and evaluate them with unseen [“orange”,
“purple” | “pink”, “white”].

e Nowvel background colors: All models are trained with black colored tables and

evaluated with randomly sampled RGB color for each instruction.

® Nowel objects: We train the models on [“ring”, “cube”, “cylinder”, “bowl”]
and evaluate them with [“triangle”, “square”, “plus”, “diamond”, “pentagon”,

“rectangle”, “flower”, “star”, “circle”, “hexagon”, “heart”].

® Real-World Ezperiments In our real-world experiments, we also use novel objects
or novel object descriptions like “bananas”, “strawberry”, “small objects” which
the model hasn’t seen during training in simulation.

Closed-Loop Execution: As we show in Table 5.3, adding feedback roughly

adds 3.5% performance boost on comp-group benchmark and 1% boost on comp-one-
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Table D.2: Performance of failure detection using our generated goal. We
check whether the boxes of the objects in the rearranged scene overlap with the
locations the EBM generated. If not, we mark the rearrangement as failed (not
satisfying the goal).

Benchmark Precision Recall Accuracy
Comp-group 80.5 82.5 85.0
Comp-one-step 71.4 19.2 77.0

step benchmark. Retrying cannot always recover from failure, however, it would be
still important to know if the execution failed so that we can request help from a
human. Towards this, we evaluate the failure detection capabilities of our feedback
mechanism in Table-D.2. We observe that all metrics are high for comp-group
benchmark. For comp-one-step, however, the recall is very low i.e. only 19.2%. This
is because in this benchmark, we only need to move one object to complete the task
and hence most failures are due to wrong goal generation. Thus, the failure classifier
classifies those demos as success, because indeed the model managed to achieve its
predicted goal and hence results in low recall. This motivates the use of external
failure classifiers in conjunction with internal goal-checking classifiers. In contrast,
comp-group benchmark is harder because it requires the model to move many objects
and thus results in higher chances of robot failures. These failures can be better

detected and fixed by our goal-checking classifier.

Also, note that while previous works like InnerMonologue [126] show large im-
provements by adding closed-loop feedback, the improvements for us are smaller.
This is because, by design, our model is more likely to reach its goal - since the
EBM generates a visual goal and then the low-level policy predicts a pick-and-place
location within the predicted goal, it is very likely to satisfy its predicted goal.
Indeed, in the comp-one-step, the model satisfies its goal in 93% cases and in 70%
cases in the comp-group benchmark. In contrast, InnerMonologue does not have any
built-in mechanisms for promoting goal-reaching behaviours and thus the difference

in performance with additional goal-satisfying constraints is larger for that method.

There is a lot of potential in designing better goal checkers. As already discussed,
we can incorporate external success classifiers like those used by prior literature [126]

in conjunction with goal-checking classifiers. Explicit goal generation allows then to
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Table D.3: Error Analysis of SREM on the benchmark comp-group-seen-
colors.

Error Mode Error Percentage
Robot failure 6.0
Goal Generation failure 11.7
Grounding failure 5.1
Language Parsing failure 0.0

check validity of goals directly even before actual robot execution (which makes it
safer and less expensive). We leave this for future work. Another promising direction
is to add object trackers in the feedback mechanism to keep track of the objects and
detect if a failure happened. This is important, if we have multiple objects that are
visually similar and hence we would need to keep track of which object corresponds
to which goal and retry if it failed to reach it.

Error Analysis: We conduct a detailed error analysis of our model on comp-
group benchmark, shown in Table-D.3. We find that robot failures, i.e. collisions or
failure to pick/place objects, result in 6.0% drop in accuracy. Goal generation adds
11.7% to the failure. Visual grounding leads to 5.1% errors while we find language

parsing to be nearly perfect.

D.4 EBM Energy Landscape Visualization

We visualize the energy landscape of our EBMs for different concepts in Figure-D.2.
For binary relations (A, rel, B), we fix B’s bounding box in the scene and then move
the bounding box of A all over the scene and evaluate the energy of the configuration
at each position. For shapes, it is impossible to represent the landscape in 2D or
3D because we need to jointly consider all possible combinations of objects in the
scene. Hence, we fix all but one object in a valid circle/line location and move a free
box in all possible regions. For compositions of relations, we move only one box and
score the sum of energy for all constraints. We expect the energy to be low in regions
which satisfy the described concept (relation(s) or shape) and high elsewhere. We
observe that the energy landscape is usually smooth with low values in valid regions

and high otherwise.
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D.5 Additional Related Work

Constraint-Guided Layout Optimization: Automatic optimization for object
rearrangement has been studied outside the field of robotics. [387] and [237] use
few user-annotated examples of scenes to adapt the hyperparameters of task-specific
cost functions, which are then minimized using standard optimization algorithms
(hill climbing and/or simulated annealing). To learn those hyperparameters from
data, these approaches fit statistical models, e.g. Mixtures of Gaussian, to the
given samples. [79] further employ such optimization constraints into an interactive
environment, where the user can provide an initial layout and the algorithm suggests
improvements. All these approaches require expert knowledge to manually design
rules and cost function, namely [387] identifies seven and [79] eleven expert-suggested
criteria for successful rearrangement. Since they are hand-crafted, these methods
do not generalize beyond the domain of furniture arrangement. In contrast, energy
optimization is purely data-driven and domain-agnostic: a neural network scores
layouts, assigning high energy to those that do not satisfy the (implicit) constraints
and low energy to those who do, essentially modeling the underlying distribution of

valid layouts.
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Above Below

Right
Right of blue box and left of green bo Left of red box and above blue box and
and below red box below green box
Circle Line

Figure D.2: EBM Energy Landscape visualization: The boxes shown here
remain fixed and we score the energy by moving another box all along the workspace.
Energy decreases from white to orange to purple to black.
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Appendix E

Act3D: 3D Feature Field

Transformers for Multi-Task

Robotic Manipulation

E.1 Real-world Setup

Our real-robot setup contains a Franka Panda
robotic arm equipped with a parallel jaw grip-
per, as shown in Figure E.1. We get RGB-D
input from a single Azure Kinect sensor at a
front view at 30Hz. The image input is of res-
olution 1280 x 720, we crop and downsample
it to 256 x 256. We calibrate the extrinsics
of the camera with respect to the robot base
using the easy_handeye ROS package. We
extract keyposes from demonstrations in the
same was as in simulation. Our real-world
multi-task policy is trained on 4 V100 GPUs

for 3 days, and we run inference on a desk-

https://github.com/IFL-CAMP/easy_handeye

Franka Emika

Figure E.1: Real-world setup.
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top with a single RTX4090 GPU. For robot

control, we use the open-source frankapy

package to send real-time position-control

commands to the robot.

E.2 RLBench Simulation Setup

To ensure fair comparison with prior work, we use ncam € {3,4} cameras for simu-

lated experiments depending on the evaluation setting. In our single-task evaluation

setting first proposed by HiveFormer [103], we use the same 3 cameras they do

{Oleft: Oright: Owrist }- In our multi-task evaluation setting first proposed by Per-

Act [312], we use the same 4 cameras they do {Ofont, Oleft: Oright» Owrist }-

E.3 RLBench Tasks

Task Variation Type  # of Variations Avg. Keyposes Language Template

open drawer placement 3 3.0 “open the — drawer”

slide block color 4 4.7 “slide the block to — target”

sweep to dustpan  size 2 4.6 “sweep dirt to the — dustpan”

meat off grill category 2 5.0 “take the — off the grill”

turn tap placement 2 2.0 “turn — tap”

put in drawer placement 3 12.0 “put the item in the — drawer”

close jar color 20 6.0 “close the — jar”

drag stick color 20 6.0 “use the stick to drag the cube onto the — target”
stack blocks color, count 60 14.6 “stack — — blocks”

screw bulb color 20 7.0 “screw in the — light bulb”

put in safe placement 3 5.0 “put the money away in the safe on the _ shelf”
place wine placement 3 5.0 “stack the wine bottle to the — of the rack”

put in cupboard category 9 5.0 “put the — in the cupboard”

sort shape shape 5 5.0 “put the __ in the shape sorter”

push buttons color 50 38 “push the — button, [then the — button]”
insert peg color 20 5.0 “put the ring on the — spoke”

stack cups color 20 10.0 “stack the other cups on top of the — cup”
place cups count 3 11.5 “place — cups on the cup holder”

Figure E.2: PerAct [312] tasks. We adopt the multi-task multi-variation setting
from PerAct [312] with 18 tasks and 249 unique variations across object placement,

color, size, category, count, and shape.

https://github.com/iamlab-cmu/frankapy
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We adapt the single-task setting of HiveFormer [103] with 74 tasks grouped into 9

categories according to their key challenges. The 9 task groups are defined as follows:

¢ The Planning group contains tasks with multiple sub-goals (e.g. picking a
basket ball and then throwing the ball). The included tasks are: basketball in
hoop, put rubbish in bin, meat off grill, meat on grill, change channel, tv on,

tower3, push buttons, stack wine.

e The Tools group is a special case of planning where a robot must grasp an
object to interact with the target object. The included tasks are: slide block
to target, reach and drag, take frame off hanger, water plants, hang frame
on hanger, scoop with spatula, place hanger on rack, move hanger, sweep to

dustpan, take plate off colored dish rack, screw nail.

¢ The Long term group requires more than 10 macro-steps to be completed.
The included tasks are: wipe desk, stack blocks, take shoes out of box, slide

cabinet open and place cups.

¢ The Rotation-invariant group can be solved without changes in the gripper
rotation. The included tasks are: reach target, push button, lamp on, lamp off,

push buttons, pick and lift, take lid off saucepan.

e The Motion planner group requires precise grasping. As observed in [81] such
tasks often fail due to the motion planner. The included tasks are: toilet seat
down, close laptop lid, open box, open drawer, close drawer, close box, phone

on base, toilet seat up, put books on bookshelf.

¢ The Multimodal group can have multiple possible trajectories to solve a task
due to a large affordance area of the target object (e.g. the edge of a cup). The
included tasks are: pick up cup, turn tap, lift numbered block, beat the buzz,

stack cups.

¢ The Precision group involves precise object manipulation. The included tasks
are: take usb out of computer, play jenga, insert onto square peg, take umbrella
out of umbrella stand, insert usb in computer, straighten rope, pick and lift
small, put knife on chopping board, place shape in shape sorter, take toilet roll

off stand, put umbrella in umbrella stand, setup checkers.

¢ The Screw group requires screwing an object. The included tasks are: turn
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oven on, change clock, open window, open wine bottle.

¢ The Visual Occlusion group involves tasks with large objects and thus there
are occlusions from certain views. The included tasks are: close microwave,
close fridge, close grill, open grill, unplug charger, press switch, take money out
safe, open microwave, put money in safe, open door, close door, open fridge,

open oven, plug charger in power supply

E.4 Further Architecture Details

Relative 3D cross-attentions We featurize each of the 3D ghost points and a
parametric query (used to select via inner-product one of the ghost points as the
next best end-effector position in the decoder) independently through cross-attentions
to the multi-scale 3D scene feature cloud, language tokens, and proprioception.
Featurizing ghost points independently, without self-attentions to one another, enables
sampling more ghost points at inference time to improve performance, as we show
in Section 6.4. Our cross-attentions use relative 3D position information and are
implemented efficiently with rotary positional embeddings [325].

Given a point p = (z,9,2) € R® and its feature x € RY, the rotary position

encoding function PE is defined as:

M,
PE(p,x) = M(p)x = X (E.1)
M6
[ cos x0, —sinaxb, 0 0 0 0 |
sinxf, cosxzl; 0 0 0 0
M, — 0 0 Cf)S yb, —sinyby 0 0 (E.2)
0 0 sinyf,  cosyby 0 0
0 0 0 0 cos 20, — sin 20y,
i 0 0 0 0 sin z0,  cos z0, |
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where 0, = m, k € {1,..,d/6}. The dot product of two positionally

encoded features is
PE(p;, Xi)TPE(pja Xj) = X?M(pi)TM(pj)Xj = X?M(Pj - Pi)Xj (E.3)

which depends only on the relative positions of points p; and p;.

We extract two feature maps per 256x256 input image view: 32x32 coarse visual
tokens and 128x128 fine visual tokens. We use three ghost point sampling stages:
first uniformly across the entire workspace (roughly 1 meter cube), then uniformly
in a 16 centimeter diameter ball, and finally in a 4 centimeter diameter ball. The
coarsest ghost points attend to a global coarse scene feature cloud (32x32xncam coarse
visual tokens) whereas finer ghost points attend to a local fine scene feature cloud
(the closest 32x32xncam out of the total 128x128xncam fine visual tokens). During
training, we sample 1000 ghost points in total split equally across the three stages.
At inference time, we can trade-off extra prediction precision and task performance
for additional compute by sampling more ghost points than the model ever saw at
training time (10,000 in our experiments). We show in ablations in Section 6.4 that
our framework is robust to these hyper-parameters but tying weights across sampling
stages and relative 3D cross-attention are both crucial for generalization. We use
2 layers of cross-attention and an embedding size 60 for single-task experiments
and 120 for multi-task experiments. Training samples are augmented with random
crops of RGB-D images and £45.0 yaw rotation perturbations (only in the real
world as this degrades performance in simulation as we show in Section 6.4). The
cropping operation is performed on aligned RGB and depth frames together, thus
maintain pixel-level correspondence. We use a batch size 16 on a NVIDIA 32GB V100
GPU for 200k steps (one day) for single-task experiments, and a batch size 48 on 8
Nvidia 32GB V100 GPUs for 600K steps (5 days) for language-conditioned multi-task
experiments. At test time, we call a low-level motion planner to reach predicted
keyposes. In simulation, we use native motion planner implementation provided in
RLBench, which is a sampling-based BiRRT [176] motion planner powered by Open
Motion Planning Library (OMPL) [327] under the hood. For real-world experiments,
we use the same BiRRT planner provided by the Movelt! ROS package [44].
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Figure E.3: Scene Feature Cloud Generation. We encode each image indepen-
dently with a pre-trained and frozen vision backbone to get multi-scale feature maps,
pass these feature maps through a feature pyramid network and retain only two:
a coarse feature map (at a granularity that lets ghost points attend to all tokens
within GPU memory) and a fine feature map (as spatially precise as afforded by
input images and the backbone). We lift visual tokens from these two feature maps
for each image to 3D scene feature clouds by averaging the positions of pixels in each
2D visual token.

E.5 High Precision Experiments

In this section, we further investigate the ability of Act3D to improve over existing
3D methods that voxelize the workspace for high-precision tasks. We compare two
variants of Act3D against PerAct [312] on three high-precision tasks in success rate.
The first Act3D variant is the standard architecture used in the remainder of our
experiments operating on 256x256 input image views; the second operates on higher
resolution 512x512 input image views, from which it extracts four times as many
visual tokens with more precise 3D positions. This further tests the ability of Act3D
to provide high precision by processing higher-resolution RGB-D views at the cost of
extra compute.

Act3D improves over PerAct on high precision tasks and can further benefit from

higher resolution RGB-D images, at the cost of extra compute.
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Figure E.4: Tterative Ghost Point Sampling, Featurization, and Selection.
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Figure E.5: Iterative Ghost Point Sampling, Featurization, and Selection.

E.6 Further ablations

Augmentations: Random crops of RGB-D images boost success rate by 6.5%, but
yaw rotation perturbations drop it by 11.9%. This is in line with PerAct [312] results
in RLBench.
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Method insert peg sort shape screw nail

PerAct 16 31 12
Act3D (256x256) 29 34 31
Act3D (512x512) 47 43 55

Table E.1: Ablations.

Average success rate in

Model single-task setting (5 tasks)
Best Act3D model (evaluated in Fig. 6.3) 98.1
Only 2 stages of coarse-to-fine sampling:

93.6

Core desien choices full workspace, 16 cm ball, regress an offset
& No weight tying across stages 80.6
Absolute 3D positional embeddings 55.4
Attention to only global coarse visual features 89.8
Only 1000 ghost points at inference time 93.2
Vi int ch ‘ Best Act3D model (evaluated in Fig. 6.3) 74.2
lewpoint changes HiveFormer 20.4
X . No image augmentations 91.6
Augmentations With rotation augmentations 86.2
Double sampling ball diameters: 32 cm and 8 cm 96.6
Hyvperparameter sensitivit Halve sampling ball diameters: 8 cm and 2 cm 91.2
yperp ) Y 500 ghost points at training time 95.8
2000 ghost points at training time (need 2 GPUs) 98.4

Multi-task setting (18 tasks)

CLIP ResNet50 backbone 65.1
Backbone ImageNet ResNet50 backbone 53.4
No backbone (raw RGB) 45.2

Hyperparameter sensitivity: Act3D is robust to variations in hyperparameters.
Doubling the diameter of ghost point sampling balls from (16 ¢cm, 4 cm) to (32 cm,
8 ¢cm) drops success rate by 1.5% and halving it to (8 cm, 2 cm) by 6.9%. Halving
the total number of ghost points sampled from 1,000 to 500 drops success rate by
2.3% whereas doubling it to 2,000 increases success rate by 0.3%. We use 1,000 ghost

points in our experiments to allow training with a single GPU per task.
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ChainedDiffuser: Unifying
Trajectory Diffusion and Keypose
Prediction for Robotic

Manipulation

F.1 Noise schedulers for Local Trajectory Diffuser

We model local trajectory optimization as a discrete-time diffusion process, which
we implement using the DDPM sampler [118]. DDPM uses a non-parametric time-
dependent noise variance scheduler [, which defines how much noise is added at
each time step. We adopt a scaled linear schedule for the position and a squared

cosine schedule for the rotation of each trajectory step.
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By defining a, = 1 — 5, and a; = Hle a;, we can now obtain the analytical
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form of A\g, v, 0 in Equation 7.5 as follows:

1
A= —— F.2
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_ F.3
L= (£:3)

1 — g
= F.4
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where k is the diffusion denoising timestep.

F.2 Real-world Setup

Our real-robot setup contains a real
Franka Panda robotic arm equipped with
a parallel jaw gripper, as shown in Figure
F.1. We use a single Azure Kinect sensor
to provide RGB-D input signal from the
front view at 30Hz. The image input is
of resolution 1280 x 720, and we crop
and downsample it to 256 x 256 before
feeding it to our model. We calibrate the
extrinsics of the camera with respect to
the robot base using the easy_handeye
ROS package. Our full model generates
dense trajectories, thus we do not use low-
level motion planners. We collect 6-DoF
human demonstrations by tele-operating

the robot using a SpaceMouse at 30Hz,

Franka Emika

Figure F.1: Real-world setup.

following [38]. We use the same strategy for keyframe extraction as in simulation.

Our real-world multi-task policy is trained on 4 A100 GPUs for 3 days. Inference
is done on a desktop with a single RTX4090 GPU, running Ubuntu 20.04 and ROS

https://github.com/IFL-CAMP/easy_handeye
https://3dconnexion.com/us/product/spacemouse-compact/
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Robotic Manipulation

Table F.1: Success rate comparison with randomized camera viewpoint.

pick pick-up push put put reach slide stack take take Mean A
& 1lift cup button knife money target block wine money umbrella
HiveFormer ‘ 26 74 98 43 63 98 13 45 7 85 ‘ 62.2 -26.2
ChainedDiffuser ‘ 72 91 97 78 88 96 32 920 92 91 ‘ 82.7 -13.1

Noetic. For robot control, we use the open-source frankapy package to send real-time

position-control commands to the robot.

F.3 Robustness of 2D and 3D Methods under

Varying Camera Viewpoints

In order to better understand how much it helps to use 3D information in Chained-
Diffuser compared with prior 2D methods, we conducted experiments to evaluate the
robustness of ChainedDiffuser, InstructRL and HiveFormer under varying camera
viewpoint. At test time, we randomly perturb the two shoulder cameras by [20,
30] degrees, while keeping the same camera look-at point. InstructRL completely
fails on all the tasks and yields unreasonable actions, as it operates purely on 2D
inputs and directly regresses action outputs. It fails to handle distribution shift in
image input due to changing camera viewpoint. HiveFormer uses depth image and
2.5D architecture: it selects the highest-score pixel and uses its corresponding depth
to compute 3D actions, thus presenting certain robustness. We report numbers of
HiveFormer and ChainedDiffuser in Table 6. Our model still performs reasonably well
when the cameras are perturbed, achieving the smallest performance drop, showing

desirable viewpoint-invariance. This is an advantage of reasoning directly in 3D.

https://github.com/iamlab-cmu/frankapy
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Appendix G

3D Diffuser Actor: Policy Diffusion

with 3D Scene Representations

G.1 Additional Experimental Results and Details

G.1.1 Robustness to noisy depth information on RLBench

We evaluate the robustness of 3D Diffuser Actor to noisy depth information. Our
results are presented in Table G.1. We adopt the single-view setup on RLBench,
reporting success rates on 10 tasks using the front camera view. We add Gaussian
noise with a variance of 0.01 and 0.03 to the 3D location of each pixel. We evaluate the
final checkpoints across 3 seeds with 25 episodes for each task. With mild perturbation,
3D Diffuser Actor can still predict actions precisely, achieving an average success
rate of 72.4%. We only observed 6% absolute performance drop. With strong
perturbation, 3D Diffuser Actor obtains an average success rate of 50.1%. Even
though 3D Diffuser Actor was trained with clean depth maps, it performs reasonably

well with noisy depth information.

G.1.2 Failure cases on RLBench

We analyze the failure modes of 3D Diffuser Actor on RLBench. We categorize the

failure cases into 4 types: 1) pose precision, where predicted end-effector poses are
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Avg. close open |sweep to|meat off| turn slide | put in drag push stack
o Success.| jar drawer | dustpan | grill tap block | drawer | stick |buttons| blocks
0 (Clean) 78.4 82-7j:1A9 89'3i7,5 94'7i1.9 88.0i5‘7 8003:8(, 92~0i0.0 77'3i3A8 98.73:1‘9 69‘33:5‘0 12.03:3‘7
0.01 72.4 | 80.0133 | 81.3119 | 68.0133 | 85.3150 |82.7175(92.0100]| 65.3435 | 93.3435 [70.7419| 5.3419
0.03 50.1 |41.3465|25.31100| 453135 | T4.7T135 | 89.3455(89.3135| 18.7119 | 48.0133 | 68.0157 | 1.3419

" & ") &,

g i"‘ BE E nuiQ.

: ‘;u . » "‘.
o =0 (clean) o =0.01 o =0.03

Table G.1: Multi-Task performance on noisy depth information. Top: We
evaluate the robustness of 3D Diffuser Actor to noisy depth information. We adopt
the single-view setup in RLBench, reporting success rates on 10 tasks using the
front camera view. We add Gaussian noise with a variance of 0.01 and 0.03 to the
3D location of each pixel. We evaluate the final checkpoints across 3 seeds with 25
episodes for each task. 3D Diffuser Actor performs reasonably well with noisy depth
information. Bottom: Visualization of the 3D location of each pixel with different
levels of noise.

too imprecise to satisfy the success condition, 2) instruction understanding, where
the policy fails to understand the language instruction to grasp the target object, 3)
long-horizon task completion, where the policy fails to complete an intermediate task
of a long-horizon task, and 4) path planning, where the motion planner fails to find

an optimal path to reach the target end-effector pose.

We conduct the experiment with single-view setup on RLBench, aggregating the
failure cases among 10 manipulation tasks. As shown in Fig. G.1, the major failure
mode is imprecise prediction of end-effector poses. This failure mode often occurs
in manipulation tasks that require high precision of predicted poses, such as stack
blocks, open drawer and turn tap. Confusion of language instruction is another major
failure mode. This mode often occurs in the scene with multiple objects, where the
policy fails to grasp the target object specified in the instruction, such as stack blocks,
close jar and push buttons. On RLBench, we deploy a sample-based motion planner
to find the path to reach the keypose. The motion planner could sometimes fail to
find the path. Lastly, 3D Diffuser Actor might fail to complete an intermediate task,

such as open drawer of put item in drawer task.
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Figure G.1: Failure cases on RLBench on the

setup of GNFactor. We categorize the failure cases
Failure cases into 4 types: 1) precise pose prediction, where predicted
end-effector poses are too imprecise to satisfy the suc-
cess condition, 2) instruction understanding, where the
policy fails to understand the language instruction to
grasp the target object, 3) long-horizon task completion,
where the policy fails to complete an intermediate task
of a long-horizon task, and 4) path planning, where the
motion planner fails to find an optimal path to reach

8%

@ Pose precision

Instruction understanding the target end-effector pose. Imprecise action prediction
@ Long-horizon task completion . . . .
Path planning and confusion of language instruction are two major

failure modes on RLBench.

G.1.3 RLBench tasks under multi-view setup

We provide an explanation of the RLBench tasks and their success conditions under

the multi-view setup for self-completeness. All tasks vary the object pose, appearance

and semantics, which are not described in the descriptions below. For more details,

please refer to the PerAct paper [312].

1.

Open a drawer: The cabinet has three drawers (top, middle and bottom). The
agent is successful if the target drawer is opened. The task on average involves

three keyposes.

Slide a block to a colored zone: There is one block and four zones with different
colors (red, blue, pink, and yellow). The end-effector must push the block to
the zone with the specified color. On average, the task involves approximately

4.7 keyposes

Sweep the dust into a dustpan: There are two dustpans of different sizes (short
and tall). The agent needs to sweep the dirt into the specified dustpan. The

task on average involves 4.6 keyposes.

Take the meat off the grill frame: There is chicken leg or steck. The agent needs
to take the meat off the grill frame and put it on the side. The task involves 5
keyposes.

Turn on the water tap: The water tap has two sides of handle. The agent needs
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10.

11.

12.

13.

14.

204

to rotate the specified handle 90°. The task involves 2 keyposes.

Put a block in the drawer: The cabinet has three drawers (top, middle and
bottom). There is a block on the cabinet. The agent needs to open and put

the block in the target drawer. The task on average involves 12 keyposes.

Close a jar: There are two colored jars. The jar colors are sampled from a set
of 20 colors. The agent needs to pick up the lid and screw it in the jar with the

specified color. The task involves six keyposes.

Drag a block with the stick: There is a block, a stick and four colored zones.
The zone colors are sampled from a set of 20 colors. The agent is successful
if the block is dragged to the specified colored zone with the stick. The task

involves six keyposes.

Stack blocks: There are 8 colored blocks and 1 green platform. Each four of
the 8 blocks share the same color, while differ from the other. The block colors
are sampled from a set of 20 colors. The agent needs to stack N blocks of the

specified color on the platform. The task involves 14.6 keyposes.
Screw a light bulb: There are 2 light bulbs, 2 holders, and 1 lamp stand. The

holder colors are sampled from a set of 20 colors. The agent needs to pick up

and screw the light bulb in the specified holder. The task involves 7 keyposes.

Put the cash in a safe: There is a stack of cash and a safe. The safe has three
layers (top, middle and bottom). The agent needs to pick up the cast and put
it in the specified layer of the safe. The task involves 5 keyposes.

Place a wine bottle on the rack: There is a bottle of wine and a wooden rack.
The rack has three slots (left, middle and right). The agent needs to pick up and
place the wine at the specified location of the wooden rack. The task involves 5

keyposes.

Put groceries in the cardboard: There are 9 YCB objects and a cupboard. The
agent needs to grab the specified object and place it in the cupboard. The task

involves 5 keyposes.

Put a block in the shape sorter: There are 5 blocks of different shapes and a
sorter with the corresponding slots. The agent needs to pick up the block with
the specified shape and insert it into the slot with the same shape. The task



15.

16.

17.

18.
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involves 5 keyposes.

Push a button: There are 3 buttons, whose colors are sampled from a set of 20
colors. The agent needs to push the colored buttons in the specified sequence.

The task involves 3.8 keyposes.

Insert a peg: There is 1 square, and 1 spoke platform with three colored spoke.
The spoke colors are sampled from a set of 20 colors. The agent needs to pick
up the square and put it onto the spoke with the specified color. The task

involves 5 keyposes.

Stack cups: There are 3 cups. The cup colors are sampled from a set of 20
colors. The agent needs to stack all the other cups on the specified one. The

task involves 10 keyposes.

Hang cups on the rack: There are 3 mugs and a mug rack. The agent needs to

pick up N mugs and place them onto the rack. The task involves 11.5 keyposes.

G.1.4 Real-world tasks

We explain the the real-world tasks and their success conditions in more detail. All

tasks take place in a cluttered scene with distractors (random objects that do not

participate in the task) which are not mentioned in the descriptions below.

1.

Close a box: The end-effector needs to move and hit the lid of an open box so
that it closes. The agent is successful if the box closes. The task involves two

keyposes.

Put a duck in a bowl: There are two toy ducks and two bowls. One of the

ducks have to be placed in one of the bowls. The task involves four keyposes.

. Insert a peg vertically into the hole: The agent needs to detect and grasp a peg,

then insert it into a hole that is placed on the ground. The task involves four

keyposes.

Insert a peg horizontally into the torus: The agent needs to detect and grasp a
peg, then insert it into a torus that is placed vertically to the ground. The task

involves four keyposes.

Put a computer mouse on the pad: There two computer mice and one mousepad.

205



G. 3D Diffuser Actor: Policy Diffusion with 3D Scene Representations

10.

11.

12.

The agent needs to pick one mouse and place it on the pad. The task involves

four keyposes.

Open the pen: The agent needs to detect a pen that is attached vertically to
the table, grasp its lid and pull it to open the pen. The task involves three
keyposes.

Press the stapler: The agent needs to reach and press a stapler. The task

involves two keyposes.

Put grapes in the bowl: The scene contains three vines of grapes of different
color and one bowl. The agent needs to pick one vine and place it in the bowl.

The task involves four keyposes.

Sort the rectangle: Between two rectangle cubes there is space for one more.
The task comprises detecting the rectangle to be moved and placing it between

the others. It involves four keyposes.

Stack blocks with the same shape: The scene contains of several blacks, some
of which have rectangular and some cylindrical shape. The task is to pick the
same-shape blocks and stack them on top of the first one. It involves eight

keyposes.

Stack cups: The scene contains three cups of different colors. The agent needs

to successfully stack them in any order. The task involves eight keyposes.

Put block in a triangle on the plate: The agent needs to detect three blocks of
the same color and place them inside a plate to form an equilateral triangle.

The task involves 12 keyposes.

The above tasks examine different generalization capabilities of 3D Diffuser Actor,

for example multimodality in the solution space (5, 8), order of execution (10, 11,

12), precision (3, 4, 6) and high noise/variance in keyposes (1).

G.1.5 Additional details on baselines

We provide more details of the baselines used in this chapter. For RLBench, we

consider the following baselines:

1.
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voxel and the translation action is determined by the centroid of the voxel with

the maximal Q-values.

PerAct [312], a 3D policy that voxelizes the workspace and detects the next

voxel action through global self-attention.

. Hiveformer [103], a 3D policy that enables attention between features of different

history time steps.

PolarNet [29], a 3D policy that computes dense point representations for the
robot workspace using a PointNext backbone [272].

RVT [95], a 3D policy that deploys a multi-view transformer to predict actions

and fuses those across views by back-projecting to 3D.

. Act3D [91], a 3D policy that featurizes the robot’s 3D workspace using coarse-

to-fine sampling and featurization. We observed that Act3D does not follow
the same setup as PerAct on RLBench. Specifically, Act3D uses different 1) 3D
object models, 2) success conditions, 3) training/test episodes and 4) maximum
numbers of keyposes during evaluation. For fair comparison, we retrain and

test Act3D on the same setup.
GNFactor [391], a 3D policy that co-optimizes a neural field for reconstructing

the 3D voxels of the input scene and a PerAct module for predicting actions

based on voxel representations.

We consider the following baselines for CALVIN:

1.

MCIL [226], a multi-modal goal-conditioned 2D policy that maps three types
of goals—goal images, language instructions and task labels—to a shared latent

feature space, and conditions on such latent goals to predict actions.

. HULC [235], a 2D policy that uses a variational autoencoder to sample a latent

plan based on the current observation and task description, then conditions on

this latent to predict actions.

. RT-1 [19], a 2D transformer-based policy that encodes the image and language

into a sequence of tokens and employs a Transformer-based architecture that
contextualizes these tokens and predicts the arm movement or terminates the

episode.

RoboFlamingo [184], a 2D policy that adapts existing vision-language models,
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which are pre-trained for solving vision and language tasks, to robot control. It
uses frozen vision and language foundational models and learns a cross-attention
between language and visual features, as well as a recurrent policy that predicts

the low-level actions conditioned on the language latents.

5. SuSIE [14], a 2D policy that deploys an large-scale pre-trained image generative
model [21] to synthesize visual subgoals based on the current observation and
language instruction. Actions are then predicted by a low-level goal-conditioned
2D diffusion policy that models inverse dynamics between the current observation

and the predicted subgoal image.

6. GR-1 [359], a 2D policy that first pre-trains an autoregressive Transformer
on next frame prediction, using a large-scale video corpus without action
annotations. Each video frame is encoded into an 1d vector by average-pooling
its visual features. Then, the same architecture is fine-tuned in-domain to

predict both actions and future observations.

7. ChainedDiffuser [364], a combination of Act3D [91] that predicts end-effector
poses at key frames and a 3D trajectory predictor that generates intermediate

trajectories to reach target end-effector poses.

8. 3D Diffusion Policy [393], that encodes sparsely sampled point cloud into 3D
representations using a PointNeXt [272] encoder. The 3D representations are
average pooled into a 1D feature vector. Then, a UNet conditions on the holistic
3D scene representations and predicts the robot end-effector poses. Notably, in
its original implementation, 3D Diffusion Policy is only applied to single-task
experimental setup and does not condition on language instructions. For fair
comparison, we update the architecture to enable language conditioning. See

Section G.1.5 for more details.

Re-training of 3D Diffusion Policy on CALVIN

We compare 3D Diffuser Actor against 3D Diffusion Policy on CALVIN. However, in
its original implementation, the 3D Diffusion Policy does not condition on language
instructions and is applied only in a single-task setup. For a fair comparison, we
enabled language conditioning in the 3D Diffusion Policy by updating its architecture

with additional point-cloud-to-language cross-attention layers. We used a language
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encoder similar to 3D Diffuser Actor to encode language instructions into latent
embeddings and applied three cross-attention layers among average pooled point-
cloud features and all language tokens. To ensure the maximal performance, we do not
use the simplified backbone of DP3 (Simple DP3), but the original DP3 architecture.

We adopt the common setup in CALVIN, using both the front and wrist camera
view. Based on the suggestion of the paper [393], we crop a 160 x 160 and 68 x 68
bounding box from the depth map of the front and wrist camera, sampling 1024
points within each bounding box. We train 3D Diffusion Policy with a batch size
of 5400 and a total epoch of 3000. Otherwise, we use the default hyper-parameters
of 3D Diffusion Policy. We set the horizon of action prediction to 4, the number of
executed actions to 3, and the number observed timesteps to 2. During inference, we
allow the model to predict 360 times, resulting in a maximum temporal horizon of
1080 actions.

G.1.6 Keypose discovery

For RLBench we use the heuristics from [138, 140]: a pose is a keypose if (1) the end-
effector state changes (grasp or release) or (2) the velocity’s magnitude approaches zero
(often at pre-grasp poses or a new phase of a task). For our real-world experiments
we maintain the above heuristics and record pre-grasp poses as well as the poses
at the beginning of each phase of a task, e.g., when the end-effector is right above
an object of interest. We report the number of keyposes per real-world task in this
Appendix (Section G.1.4). Lastly, for CALVIN we adapt the above heuristics to devise
a more robust algorithm to discover keyposes. Specifically, we track end-effector state
changes and significant changes of motion, i.e. both velocity and acceleration. The

Python code is included in our publicly available codebase.
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Figure G.2: Comparison of 3D Diffuser Actor and other methods. (a)
Act3D [91] encodes input images into with a 2D feature extractor, lifts 2D fea-
ture maps to 3D, samples ghost points within the scene, featurizes ghost points with
relative cross attention to the 3D feature cloud, and classifies each ghost point. The
position is determined by the XYZ location of the ghost point with the highest score.
Act3D then crops the scene with predicted end-effector position, and iterates the
same classification procedure. The rotation and openess are predicted with learnable
query embeddings. (b) PerAct [312] voxelizes input images and uses a Perceiver
Transformer [133] to predict the end-effector pose. The position is determined by the
XY7Z location of the voxel with the highest Q-value. The rotation and openess are
predicted from the max-pooled features with MLPs. (c) 3D Diffusion Policy [393]
encodes 3D point cloud into 1D feature vectors, followed by a A UNet that conditions
on point-cloud features and denoises end-effector poses. (d) 3D Diffuser Actor uses
a similar 3D scene encoder as Act3D. A relative 3D transformer conditions on 3D
feature cloud to denoise end-effector poses.

G.2 Additional Method Details

G.2.1 Architectural differences between our model and

baselines

We describe the architectural differences between 3D Diffuser Actor and other 3D
policies in Figure G.2. We compare 3D Diffuser Actor with Act3D [91], PerAct [312],
and 3D Diffusion Policy [393]. PerAct encodes RGB-D images into voxel represen-
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tations, while 3D Diffusion Policy average pools point cloud representations into a
holistic 1D feature vector. Act3D encodes input images with a 2D feature extractor
and lifts 2D feature maps to 3D. Act3D determines end-effector poses by iterating
a coarse-to-fine classification procedure to identify the XYZ location of the ghost
point with the highest classification score. Although our model adopts a similar 3D
scene encoder as Act3D, 3D Diffuser Actor uses a relative 3D transformer to denoise

end-effector poses.

G.2.2 The formulation of relative attention

To ensure translation invariance in the denoising transformer, we use the rotary
positional embeddings [325] to encode relative positional information in attention

layers. The attention between query q;, key k; and value v; is written as:

€Xp €;,5

Attention(q;, k;, v;) = m ’
l b

(G.1)
where €, ; = q M(p; — pi)k;, pi / p; denote the positions of the query / key, and M

is a matrix function which depends only on the relative positions of points p; and p;.

G.2.3 Detailed Model Diagram of 3D Diffuser Actor

We present a more detailed architecture diagram of our 3D Diffuser Actor in Fig-
ure G.3a. We also show a variant of 3D Diffuser Actor with enhanced language
conditioning in Figure G.3b, which achieves SOTA results on CALVIN.

The inputs to our network are i) a stream of RGB-D views; ii) a language
instruction; iii) proprioception in the form of current end-effector’s poses; iv) the
current noisy estimates of position and rotation; v) the diffusion step i. The images
are encoded into visual tokens using a pretrained 2D backbone. The depth values are
used to “lift” the multi-view tokens into a 3D feature cloud. The language is encoded
into feature tokens using a language backbone. The proprioception is represented as
learnable tokens with known 3D locations in the scene. The noisy estimates are fed
to linear layers that map them to high-dimensional vectors. The denoising step is fed
to an MLP.

The visual tokens cross-attend to the language tokens and get residually updated.

211



G. 3D Diffuser Actor: Policy Diffusion with 3D Scene Representations
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Figure G.3: 3D Diffuser Actor architecture in more detail. Top: Standard
version: the encoded inputs are fed to attention layers that predict the position and
rotation error for each trajectory timestep. The language information is fused to the
visual stream by allowing the encoded visual feature tokens to attend to language
feature tokens. There are two different attention and output heads for position and
rotation error respectively. Bottom: version with enhanced language conditioning.
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Figure G.4: Act3D architecture in more detail. Ghost points and encoded
scene feature inputs are sampled based on the current end-effector position. The
3D location of ghost points are even sampled from a fixed-radius sphere, which is
centered at the current end-effector position.

The proprioception tokens attend to the visual tokens to contextualize with the scene
information. We subsample a number of visual tokens using Farthest Point Sampling
(FPS) in order to decrease the computational requirements. The sampled visual
tokens, proprioception tokens and noisy position/rotation tokens attend to each other.
We modulate the attention using adaptive layer normalization and FiLM [263]. Lastly,
the contextualized noisy estimates are fed to MLP to predict the error terms as well

as the end-effector’s state (open/close).

G.2.4 Detailed Model Diagram of Act3D

To facilitate comparisons in technical detail, we present a detailed architecture diagram
of Act3D in Figure G.4. Act3D first encodes posed RGB-D images into 3D scene
tokens and samples ghost points uniformly from a fixed-radius sphere, centered at the
current end-effector position. Act3D initializes a learnable query and the ghost points

with learnable latent embeddings, which are contexturalized by 3D scene tokens using
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‘ Multi-view RLBench = Single-view RLBench CALVIN
Model

image_size 256 256 200
embedding_dim 120 120 192
camera_views 4 1 2

FPS : % of sampled tokens 20% 20% 33%
diffusion_timestep 100 100 25
noise_scheduler : position scaled_linear scaled_linear scaled_linear
noise_scheduler : rotation squaredcos squaredcos squaredcos

action_space

absolute pose

absolute pose

relative displacement

Training
batch_size 240 240 5400
learning rate le™® le™® 3e4
weight_decay Se~4 Se~4 5e3
total_epochs 1.6e* 8¢eb 90
optimizer Adam Adam Adam
loss weight : w;q 30 30 30
loss weight : ws 10 10 10
Evaluation
maximal # of keyposes 25 25 60

Table G.2: Hyper-parameters of our experiments. We list the hyper-parameters
used for training/evaluating our model on RLBench and CALVIN simulated bench-
marks. On RLBench we conduct experiments under multi-view and single-view setup.

3D relative attention (Eqn. G.1). Act3D measures the feature similarity of each ghost
point and the learnable query to classify if a ghost point is close to the position
of target end-effector pose, which is determined by the XYZ location of the ghost
point with the highest score. Act3D then crops the scene with estimated end-effector
position, and iterates the same classification procedure. The rotation and openess

are predicted with learnable query embeddings.

G.2.5 Hyper-parameters for experiments

Table G.2 summarizes the hyper-parameters used for training/evaluating our model.
On CALVIN we observed that our model overfits the training data, resulting in lower
test performance. We use higher weight_decay and shorter total_epoch on CALVIN
compared to RLBench.
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G.2.6 Denoising Diffusion Probabilistic Models

For self-completeness, we provide a formulation of denoising diffusion process. Please
check [118] for more details. A diffusion model learns to model a probability distribu-
tion p(x) by inverting a process that gradually adds noise to a sample x. For us,
represents a sequence of 3D translations and 3D rotations for the robot’s end-effector.
The diffusion process is associated with a variance schedule {3° € (0,1)},, which
defines how much noise is added at each time step. The noisy version of sample x at
time i can then be written as ' = vaiz + /1 — a’e where € ~ N(0,1), is a sample
from a Gaussian distribution (with the same dimensionality as z), o’ = 1 — 3¢, and
al = H;Zl a’. The denoising process is modeled by a neural network ¢ = e(z%; 1)
that takes as input the noisy sample x* and the noise level ¢ and tries to predict the

noise component e.

Diffusion models can be easily extended to draw samples from a distribution p(z|c)
conditioned on input ¢, which is added as input to the network ey. For us, c is the
visual scene captured by one or more calibrated RGB-D images, a language instruction,
as well as the proprioceptive information. Given a collection of D = {(z%, c')}¥, of
end-effector trajectories o' paired with observation and robot proprioceptive context

¢, the denoising objective becomes:

Law(0;D) =t > leo(Vaia' + /1 —aie, ') — €| (G.2)

zri,cleD

This loss corresponds to a reweighted form of the variational lower bound for
log p(z|c) [117].

In order to draw a sample from the learned distribution py(z|c), we start by
drawing a sample 2V ~ N(0,1). Then, we progressively denoise the sample by
iterated application of €y N times according to a specified sampling schedule [117, 321],

which terminates with z° sampled from py(z):

e v ) P (6.3
x = T — —6glT, 1, —p0'z, .
Vol Vi—a ! a

where z ~ N (0, 1).
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Figure G.5: Visualization of noised rotation based on different schedulers.
We split the 6 DoF rotation representations into 2 three-dimension unit-length vectors,
and plot the first /second vector as a point in 3D. The noised counterparts are colorized
in magenta/cyan. We visualize the rotation of all keyposes in RLBench insert_peg
task. From left to right, we visualize the (a) clean rotation, (b) noisy rotation with
a scaled-linear scheduler, and (c¢) that with a square cosine scheduler. Lastly, we
compare (d) the denoising performance curve of two noise schedulers. Here, accuracy
is defined as the percentage of times the absolute rotation error is lower than a
threshold of 0.025. Using the square cosine scheduler helps our model to denoise from
the pure noise better.

G.2.7 The importance of noise scheduler

Existing diffusion policies [38, 364] often deploy the same noise scheduler for estimate
of position and rotation. However, we empirically found that selecting a good noise
scheduler is critical. We visualize the clean/noised 6D rotation representations as two
three-dimensional unit-length vectors in Figure G.5. We plot each vector as a point in
the 3D space. We show that noised rotation vectors generated by the squared linear
scheduler cover the space more completely than those by the scaled linear scheduler,

resulting in better performance than a square cosine scheduler
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Appendix H

3D Flow Actor: An Efficient Flow
Matching 3D Policy for Bimanual

and Unimanual Control

H.1 Limitations

Despite the tremendous improvements in terms of training and inference cost, 3D
generative policies still have limitations.

3D policies (including 3DFA) require accurate depth sensors and camera calibra-

tion. This is often challenging and thus not available in large-scale real-world

imitation learning datasets. We are working on removing the depth and calibra-

tion assumption from wrist cameras, that are by construction the most difficult

to calibrate.

e As a result of the above, we cannot train large-scale 3D policies on most of the
available robotic datasets. This can change in the future, as computer vision
makes progress towards metric depth estimation and auto-calibration, or by
using architectures that can absorb both 2D and 3D observations [136].

¢ The policy is still trained with imitation learning, thus it cannot easily discover
a new behavior on its own. Combining such 3D policies into a reinforcement

learning framework, given their data efficiency, could dramatically speed up
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exploration and data collection.

e 3DFA struggles with tasks that require force control or very high precision, such
as the hard tasks in our real-world benchmark. The solution to this could be to

fine-tune an imitation-trained policy with reinforcement learning.

H.2 Implementation details

Architecture: We closely follow 3DDA [164] in terms of architecture design. We
use identical weights to 3DDA, with only the appropriate changes so that we handle
and predict bimanual actions of 16 dimensions rather than 8. Specifically, this affects
all layers that either project a noisy action token to a high-dimensional latent vector
or predict an action token from a latent vector.

For self-completeness, we briefly describe the architecture here: 3DFA uses
CLIP [276] to encode each image separately into a feature map, then assigns 3D
positions to each 2D feature token using depth and the known camera parameters.
The feature maps are merged into a single feature cloud, which is subsampled using
density-biased sampling (DBS) to keep 1/4th of the tokens. The distance metric for
DBS is computed in the feature space, not the 3D space. We call the subsampled
feature cloud “visual tokens”.

The noisy trajectory estimate is encoded with a linear layer. Trajectory and
visual tokens are concatenated in the sequence dimension and fed to a sequence
of 6 self-attention layers. All tokens in this attention use 3D rotary positional
embeddings, as used in [91, 164]. Additionally, these layers are modulated by a signal
computed by projecting i) the current end-effector pose and ii) the denoising step,
into high-dimensional features. This signal is used to compute adaptive normalization
parameters.

Lastly, MLPs are used on the output tokens to predict the translation velocity field,
rotation velocity field and end-effector opening. Our model is language-conditioned,
encodes the instruction with CLIP and then lets the visual and trajectory tokens

attend to the language features, as in 3DDA.

Normalization of the output space: 3D relative attention requires that the

positional embeddings of all action tokens and visual tokens be expressed in a
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common coordinate frame. The original 3DDA normalizes the 3D space using the
target end-effector’s statistics, which does not generalize to bimanual setups where
each arm has distinct spatial distributions. Naively aggregating statistics across
both arms and normalizing based on that would significantly compress the spatial
distribution and harm performance. Instead, we compute positional embeddings in
the global unnormalized frame, while still predicting trajectories in the per-single-arm
normalized space. This hybrid approach preserves 3DDA’s attention mechanism while

accommodating the bimanual setup.

Flow hyperparameters: When training a Flow Matching model, we sample a
denoising 7 from a continuous internal between 0 and 1, where ¢ = 0 denotes pure
noise and ¢ = 1 indicates a perfectly clear signal. One hyperparameter is how we
sample ¢ during training. We experimented with uniform sampling, beta sampling
(as in 70) and logit-normal sampling (as in [287]). We found beta sampling to
consistently underperform the other two options, but little difference between uniform
and logit-normal. We adopt logit-normal and sample i as follows: we first sample
x from a Gaussian with 0 mean and 1.5 std, then i = o(z), where o is the sigmoid

function.

Data loading details: We replace 3DDA’s data loaders by offering the following
improvements:

e We change the episodic loading to random keypose sampling. In more detail,
the 3DDA codebase loads entire episodes, chunks them and concatenates chunks
form different episodes to form a batch. We, on the other hand, sample keyposes
across random episodes. To efficiently do this, we used the Python library zarr,
to lazily load and access data indices across all episodes simultaneously. This
offers the following advantages: i) we avoid loading whole episodes at once to
only use a chunk, as this wastes time for data that is not used; ii) we ensure
higher diversity in every batch; iii) we ensure a fixed batch size, contrary to

3DDA that concatenates chunks of possibly different sizes.

e We handle data types to ensure faster collating. Specifically, we make sure
to always load uint8 images and half-precision depth maps. This significantly

speeds up batch formation, especially when large batch sizes are used. The data
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is converted to the desired type (float32) after being loaded to the GPU, where
data-type conversions are much faster. In contrast, 3DDA loads and batches

float32 tensors. We found that handling data types cuts down the loading time
by half.

e We move depth unprojection to point cloud and augmentations to GPU. This
offers two advantages: i) loading single-channel depth is much faster than
three-channel point clouds; ii) it allows for faster, batched operations that are

optimized on GPUs.

CUDA graph compilation: This is technique to speed up training, offered by
modern versions of PyTorch. The model is compiled as a graph of non-dynamic
operations, allowing for PyTorch to optimize all operations under the hood. Making
3DFA compilable required refactoring changes over 3DDA, such as removal of logic
branches, CPU operations and custom kernel operations such as FPS. We were able
to compile the training mode of 3DFA, by moving language tokenization outside
the graph and replacing FPS with a pure PyTorch implementation of DBS, which is
both faster and allows for compilation. We do recognize that graph compilation is
orthogonal to our efforts to improve the training and inference speed of 3D generative
policies, thus we report training times with and without compilation in the main

paper, to allow for fair comparisons with future work.

Mixed-precision training: We allow for autocasting operations to half precision
when possible. This reduces the memory footprint of our model and allows for large

batch sizes without sacrificing performance.

Efficient attention implementation: We use a modern PyTorch implementation
of attention that runs optimized C+-+ code under the hood. This maintains the
compatibility of our model and graph compilation. At the same time, this attention
implementation is faster by an order of magnitude, especially when combined with

large batch sizes and half precision.

Other hyperparameters: We follow the training hyperparameters of 3DDA [164],

in terms of optimizer selection, learning rate, etc. We use a constant batch size of 256
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keyposes (64 per GPU) for PerAct2 and PerAct, 16 trajectories (one GPU) for the
HiveFormer tasks, randomly sampled from different tasks and episodes. We found
that our model converges in 300000 training steps on PerAct/PerAct2, contrary to
3DDA that needs 600000 steps. We hypothesize that this is due to the optimized
batching scheme we propose. For the HiveFormer, we train single-task models until

convergence, which usually takes less than 100000 steps or approximately 4 hours on
one GPU.

Keypose discovery We use keyposes only on RLBench, while for our real-world
experiments we predict trajectories directly. For our single-arm RLBench experiments,
we use the heuristics from [138], while for PerAct2 we use the ones from [100], that
adapts those of [138] for the bimanual setup. Specifically we examine each arm
separately and a pose is a keypose if (1) the end-effector state changes (grasp or
release) or (2) the velocity’s magnitude approaches zero (often at pre-grasp poses or
a new phase of a task). Once we compute a set keyposes for each arm, we then take

the union of the two sets as the bimanual keyposes.

H.3 Additional Experimental Results and Details

H.3.1 Peract2 tasks

We provide an explanation of all 13 PerAct2 tasks we use for self-completeness. All
tasks vary the object pose, appearance and semantics. For more details, we refer to
the PerAct2 paper [100].
1. Push box: The scene is equipped with a heavy box and a target area. The
robot needs to push the box using both arms to move it to the designated area.

This task cannot be solved with one robot due to the weight of the box.

2. Lift ball: The scene is equipped with a large ball. The robot needs to grasp
the ball using both arms and lift it to a height above 0.95 m. This task is

impossible to solve with one robot due to the size of the object.

3. Push buttons: The scene contains three buttons of different colors. The robot

needs to push two of the three buttons simultaneously, as specified in the
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10.

11.

12.

13.

language instruction.

Pick up plate: The robot needs to pick and securely lift a plate. The coordination
required to lift the plate without tilting or dropping it.

Put item in drawer: The scene contains a furniture with drawers and a small
item. The robot needs to open a specific drawer and place an item in it. The

correct drawer must be identified as specified in the language instruction.
Put bottle in fridge: The robot needs to open a fridge and put a bottle inside.

Handover an item: There are multiple items of different colors on the table.
The robot needs to pick one with one arm and hand it securely to the arm. The

correct item is specified by the language instruction.

Pick up laptop: The robot needs to pick up a laptop that is placed on top of a
block. This requires first to move the laptop into a position where it can be

grasped and then lift it.
Straighten rope: The robot needs to straighten a rope so that both ends are

placed in distinct target areas.

Sweep dustpan: The scene is equipped with a broom, a dust pan, supporting
objects and dust. The robot needs to sweep the dust into the dust pan using
the broom. The task is considered successfully completed when all the dust is

inside the dust pan.

Lift tray: The robot needs to lift a tray for more than 1.2m. The tray is
originally placed on a holder. An item is on top of the tray and must be
balanced while the tray is lifted. The primary challenge lies in coordinating the

lifting motion with both arms to maintain the balance of the item on the tray.

Handover item (easy): This is a variant of the handover item task (described

above), but the same object is always picked.

Take tray out of oven: The robot needs to remove a tray that is located inside

an oven. This involves opening the oven door and then grasping the tray.

H.3.2 Real-world tasks

We explain the real-world tasks and their success conditions in more detail.
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. Lift ball: The robot needs to use both arms to stabilize and lift a small ball

without grasping it.

. Straighten rope: The robot grasps both ends of the rope and pulls until the

rope becomes straight.

. Pick up plate: The robot manipulates a small plate. The left arm needs to tilt

the plate, while the right arm grasps it and lifts it up.

Stack bowls: The robot needs to stack two bowls on top of each other.

. Put marker in cup: The robot needs to use the left arm to reach and fetch the

cup, then use the right arm to grasp the marker and put it into the cup.

. Handover block: The robot uses its left arm to pick up a block and give it to

the right arm.

Stack blocks: The robot needs to stack two cubes (3cm on each side) on top of

each other, which is harder than stacking bowls, since the blocks are smaller.

Open marker: The robot needs to grasp the marker with its left arm and then

use the right arm to grasp the cap and remove it from the marker.

Close ziploc: The robot first grasps one end of the ziploc bag and then grasps
the gray slider on the ziploc to close the bag.

Insert battery: The robot moves its left arm near the slot for holding and then

the right arm grasps the battery and inserts the battery into the slot.

The tasks “stack bowls”, “put marker in cup” and “stack blocks” are bimanual

due to the reachability of the objects: the objects are initially placed in locations

where only one of the two arms can reach them.

H.3.3 PerAct tasks

PerAct offers a suite of 18 tasks and 249 variations, making it one of the most

challenging RLBench-based benchmarks. The variations include instance references,

e.g.

“open the top/middle/bottom drawer”, color, e.g. “push the blue/purple/etc

button”, counting, e.g. “stack 2/3 cups”, and others such as object category, size and

shape. We enumerate the 18 tasks here and please refer to the PerAct paper [312] for

more details:
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—_

Open a drawer

Slide a block to a colored zone
Sweep the dust into a dustpan
Take the meat off the grill frame
Turn on the water tap

Put a block in the drawer

Close a jar

Drag a block with the stick
Stack blocks

© ® N e ot W

—
o]

. Screw a light bulb

—_
—_

. Put the cash in a safe

—_
[\

. Place a wine bottle on the rack

—
w

. Put groceries in the cardboard

[S—
s

. Put a block in the shape sorter

—_
ot

. Push a button

—_
(@)

. Insert onto a peg

—
J

. Stack cups

—
oo

. Hang cups on the rack

H.3.4 74 HiveFormer tasks

HiveFormer offers a suite of 74 tasks, grouped into 9 categories. The tasks come
without variations, following [91, 102]. We enumerate the groups and tasks here and
refer to [91, 102] for more details:

e Planning (can be decomposed into multiple sub-goals): basketball in hoop, put
rubbish in bin, meat off grill, meat on grill, change channel, tv on, tower3, push

buttons, stack wine.

e Tools (need interaction with a target object): slide block to target, reach and

drag, take frame off hanger, water plants, hang frame on hanger, scoop with
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spatula, place hanger on rack, move hanger, sweep to dustpan, take plate off

colored dish rack, screw nail.

Long term: wipe desk, stack blocks, take shoes out of box, slide cabinet open

and place cups.

Rotation-invariant: reach target, push button, lamp on, lamp off, push buttons,

pick and lift, take lid off saucepan.

Motion planner (require continuous interaction with the object/environment):
toilet seat down, close laptop lid, open box, open drawer, close drawer, close

box, phone on base, toilet seat up, put books on bookshelf.

Multimodal (multiple solutions are possible): pick up cup, turn tap, lift num-
bered block, beat the buzz, stack cups.

Precision (high-precision requirements): take usb out of computer, play jenga,
insert onto square peg, take umbrella out of umbrella stand, insert usb in
computer, straighten rope, pick and lift small, put knife on chopping board,
place shape in shape sorter, take toilet roll off stand, put umbrella in umbrella

stand, setup checkers.

Screw (require (un)screwing an object): turn oven on, change clock, open

window, open wine bottle.

Visual Occlusion (large objects occlude certain views): close microwave, close
fridge, close grill, open grill, unplug charger, press switch, take money out safe,
open microwave, put money in safe, open door, close door, open fridge, open

oven, plug charger in power supply

H.3.5 8 ChainedDiffuser tasks

While most of the 74 HiveFormer tasks can be solved by simply predicting keyposes

and employing the RRT motion planner to obtain a trajectory to execute, there are

several tasks that require continuous interaction with the objects and the environment.

For example, when opening a fridge, the end-effector trajectory should respect
the mechanical constraints of the door. ChainedDiffuser [364] identified 10 such
challenging tasks. PointFlowMatch [39] further investigates trajectory prediction

to solve 8 of those 10 tasks. To directly compare 3DFA’s ability to predict dense
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trajectories against those works, we evaluate on the same 8 tasks that both works
consider, namely:

1. Unplug charger
. Close door
. Open box
. Open fridge

. Open oven

2
3
4
5. Take frame off hanger
6
7. Put books on bookshelf
8

. Take shoes out of box

All these tasks require specific motion that cannot be modeled by an RRT planner
that connects keyposes with collision-free linear segments. For example, unplugging
a charger requires a smooth motion until the charger is out of the socket. Assuming
that the end-effector has grasped the charger, the RRT trajectory is not guaranteed
to connect the current end-effector pose to the task termination pose with a segment

that allows for smoothly extracting the charger from the socket.

H.3.6 Additional details on baselines

On PerAct2, we compare against: (1) ACT [405], a 2D transformer architecture
that is trained as a conditional VAE to predict a sequence of actions; (2) RVT-
LF [95, 100], that unprojects 2D views to form a point cloud, renders virtual views
and feeds them to a transformer to predict the 3D actions for each arm in sequence;
(3) PerAct-LF [100, 312], that voxelizes the 3D space and uses a Perceiver [133]
architecture to predict the 3D actions for each arm in sequence; (4) PerAct? [100],
which shares the same architecture as PerAct-LF but predicts the actions for the
two arms jointly; (5) AnyBimanual [220], which combines and adapts two pre-trained
single-arm PerAct [312] policies; (6) 3D Diffusion Policy (DP3) [393], which encodes
3D scenes with a point cloud encoder and uses a diffusion UNet [293] to predict the
3D actions; (7) KStar Diffuser [224], a diffusion graph convolutional network that
regularizes the end-effector pose prediction with predicted body joint angles; (8)
PPI [378], a 3D diffusion policy that regularizes action prediction by tracking points
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sampled from objects of interest; (9) mo [15], a state-of-the-art 2D robot generalist
that is pre-trained on 10,000 hours of robot data and capable of performing bimanual
manipulation. We adapted my to predict end-effector keyposes and fine-tuned it using
three cameras.

On the 74 HiveFormer tasks, we compare against: (1) HiveFormer [102], a 3D
policy that predicts actions as offsets from the input point cloud; (2) InstructRL [199],
a 2D policy that leverages pre-trained vision and language encoders and regresses
6-DoF actions; (3) Act3D [91], a 3D policy that predicts the next action location by
iterating between coarse-to-fine sampling and featurization; (4) ChainedDiffuser [364],
a two-stage policy that employs Act3D for keypose prediction and a diffusion-based
trajectory optimization model to connect the current pose to the next keypose; (5)
PointFlowMatch [39], a flow-based 3D policy that encodes the input point cloud into
a single vector using PointNet [271] and (6) DP3 [393], discussed in the previous
paragraph.

3DFA is trained to predict a keypose-horizon trajectory: it jointly predicts the
next end-effector keypose and the dense trajectory until the next keypose in a non-
hierarcical, single-forward-pass fashion. HiveFormer, InstructRL and Act3D are
trained to predict end-effector keyposes and then use RRT [176] to plan a trajectory.
ChainedDiftuser is a two-stage model that predicts the end-effector keypose and then
a keypose-conditioned trajectory. PointFlowMatch and DP3 are trained to predict

closed-loop trajectories.

H.3.7 Detailed PerAct results

We show detailed results on all 18 tasks for 3DDA and 3DFA in Table H.1. We
observe that the average success rate is not fully informative. Although the results
in many tasks align, there are statistically significant differences on tasks such as
block stacking, putting groceries into cupboard, screwing bulb, sweeping to dustpan
and opening drawer. The variance is larger for the two-camera 3DFA, as a mistake
may lead to strong occlusions for all cameras, a scenario that is rarer when more
cameras are used. Throughout our experimentation, we noticed different sources of

large variance:

¢ First, we identified a very large variance in performance on those tasks across
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Avg. open slide [sweep to| meat off | turn put in | close drag stack
Success| drawer | block |dustpan grill tap drawer jar stick blocks

3DDA [164] 81.3 |89.6.4, | 976150 | 84.0444 | 96.8416 [99.2116]96.0156] 960195 [100.0.00|68.3155
3DFA (2-cam)| 784 |95.2134(98.4105|93.6115 | 96.8434 199.2415] 944146 |92.0200| 99.2415 | 28.0136
3DFA (4-C3H1) 80.3 97-2j:2.5 98.4i2‘2 99-2j:1.8 96.8i1‘g 97~8j:1.8 95.213‘0 98.4i2.2 980i25 412i'§g

screw | putin | place put in sort push insert stack place

bulb safe wine |cupboard| shape |buttons| peg cups cups
3DDA [164] 82.4490[97.6490 | 93.6148 | 85.6141 [44.0144 | 984490 65.6141| 4721585 | 24.0476
3DFA (2-(3‘(1111) S0.0ig‘O 98.4:&2‘2 98.4i2.2 68.8:{:77 42-014.9 99'2i1A8 56.4i22 46.4:&.2 24-0j:2A8
3DFA (4—cam) 72-4i4.4 93.6i4.1 95-4i2.2 78.615‘4 46.4i4.1 97.811‘8 59-2i3.0 56.0i2‘5 24-2i5.3

Table H.1: Detailed results on the single-arm PerAct benchmark. 3DFA
performs on par with 3DDA on most tasks, even when trained and tested with only
two cameras.
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checkpoints. For example, for the same model variant, one checkpoint can
achieve 80% success in screwing a bulb, while another can achieve 60%. The
pattern we observed is that the variance across checkpoints on individual tasks
is large, but the average performance on all tasks does not vary significantly.
Our hypothesis is that 3SDDA and 3DFA are very low-parameter models: during
multi-task training, the network may pick a “mode”, where it adapts to specific

tasks more and underfits others. This could be an avenue for future investigation.

Second, we tried to fix a checkpoint and evaluate different seeds, which is how we
calculate the variance in Table H.1. Most tasks display relatively low variance,
e.g., they may hit or miss one episode, but this is exacerbated by the small
amount of test episode that PerAct offers: with 25 test episodes, a hit/miss
contributes 4% to a task’s performance. Interestingly, we find that this variance
is not due to the non-deterministic nature of 3DDA or 3DFA, but mostly due

to the interaction with the simulator, including the motion planner.

e To isolate the effect of seed, we run the same checkpoint several times with a

fixed seed. We still find that internal states in the RLBench simulator and the
planner are not controlled by seeding, thus we still observe variance in many
tasks.



H. 3D Flow Actor: An Efficient Flow Matching 3D Policy for Bimanual and
Unimanual Control

100 100 100 99 99 100
100 o 96 97 95
= 85 a4 g4 87 88 20
83 82 0 81 79 i 80
- 79 73 73 75 8
§ 71 70
P 65 67 67 65
2
g 60
a 58 53 53
Q
8 43
=1
@ 36
23
17
Average Planning Tools Long Term Rot Invariant Motion Planning Screw Multimodal Precision Visual Occlusion
M HiveFormer I InstructRL M Act3D 3DFA (ours)

Figure H.1: Detailed evaluation on 74 RLBench tasks. grouped into 9 categories.
3DFA achieves a new state of the art on all groups.

H.3.8 Detailed HiveFormer results

We show the results of 3DFA and baselines on the 9 groups in Figure H.1 and the
results of 3DFA on all 74 tasks in Table H.2. 3DFA is trained to predict trajectories
for all tasks and performs very well on most of them. Predicting trajectories allows
3DFA to not rely on motion planners or hand-designed collision checking that previous
works employ [91]. Although 3DFA can solve 57 of 74 tasks with an accuracy higher
than 90%, there are still tasks with a much lower success rate. Some of these are due

to our choice of cameras. We discuss more details in Section H.3.10.

H.3.9 Detailed real-world results

As shown in Table 9.2, 3DFA excels in performing easy tasks, including lift ball,
straighten rope, pick up plate, stack bowl and put marker into bowl. For more
challenging tasks such as stack blocks, open marker, close ziploc and insert battern,
where objects are smaller/transparent or complex contact dynamics are involved, the
performance of our method and baselines decreases, indicating spatial and dynamic

reasoning as a clear avenue for future work.

It is worth mentioning that, when 3DFA fails to grasp the related object, we can
observe automatic re-attempts on grasping. The model will re-attempt the task until

it is successful or until the object moves out of the bounding box.
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stack cups 84 beat the buzz 100 lift numbered block 100

turn tap 100 pick up cup 100 wipe desk 37

stack blocks 85 take shoes out of box 71 | slide cabinet open and place cup 20

close microwave 100 close fridge 100 close grill 100

unplug charger 99 open grill 100 press switch 100

put money in safe 99 take money out of safe 100 open microwave 100
close door 96 open door 100 open fridge 70

open oven 99 | plug charge in power supply 60 slide block to target 100

take frame off hanger 96 reach and drag 100 water plants 79
hang frame on hanger 50 scoop with spatula 86 place hanger on rack 88

move hanger 100 sweep to dustpan 100| take plate off colored dish rack 100

screw nail 26 toilet seat down 100 close laptop lid 100

open drawer 98 open box 100 close drawer 100

phone on base 97 close box 100 reach target 100

toilet seat up 98 push button 100 lamp on 100

put books on bookshelf 99 lamp off 100 pick and lift 100

take lid off saucepan 100 turn oven on 100 change clock 100

open window 100 open wine bottle 100 basketball in hoop 100

put rubbish in bin 100 meat off grill 100 meat on grill 100

change channel 100 tv on 100 tower3 100

push buttons 100 stack wine 100 take usb out of computer 100

insert onto square peg 80 play jenga 100 | take umbrella out of umbrella stand 100

insert usb in computer 78 straighten rope 75 pick and lift small 100
put knife on chopping board 99 |place shape in shape shorter 40 take toilet roll off stand 97
put umbrella in umbrella stand 25 setup checkers 99 - -

Table H.2: Detailed results of 3DFA on all 74 single-arm tasks.

H.3.10 Failure cases

We analyze the failure modes of 3DFA in both the simulation and the real world. We
also discuss the failure modes of our baselines in the real world.

On PerAct2, we notice that most of the errors come from motion planning.
For example, in the “handover item” tasks, the RRT-predicted trajectories may not
be collision-free when the object is placed near the receiving arm. The task with
the lowest performance is “straighten rope”. RRT predicts linear segments that do
not respect the rope limits. Interestingly, we achieve a much higher success rate
for the same task in the real world, where we predict trajectories directly. We did
not train a trajectory model on PerAct2 because we found the interaction with the
simulator to be particularly slow, making the evaluation of a trajectory prediction
model impractical.

To validate the effect of the RRT planner in this setup, we replayed the ground-
truth keyposes for the test episodes and use the planner to move between them.

We get an average performance of 85.8%, which is only marginally better than our
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model’s. “Pick up plate” and “straighten rope” are still the tasks with most errors,
achieving 59% and and 39% respectively.

On PerAct, we observe that the model struggles with understanding the (some-
time unseen) variations at test time. For example, it may place the lid on the wrong
jar in “close jar” or stack blocks of wrong colors. We verify that on the HiveFormer
setup, where there are no variations, 3DFA achieves very high success rates on stacking
blocks and cups (Table H.2). This could be mitigated by integrating more powerful
representations from a VLM, rather than CLIP. Another source of failure is lower
precision than needed in some tasks, such as in “put a block in the shape sorter”
and “insert onto peg”. 3DFA featurizes all visual observations and subsamples the
feature cloud, resulting in a sparser representation. Reducing the number of points is
necessary for managing the computational resources. This could be prevented using
some VLM guidance to focus around regions of interest for the next action. Lastly,
when using two cameras only, occlusions can become an issue.

On the 74 HiveFormer tasks, high-precision requirements and occlusions are
the main issues. 3DFA achieves its lowest performance on the “long-term” task group.
However, this is due to heavy occlusions caused by using the front and wrist cameras
only. Specifically, for “slide cabinet open and place cup”, the cup is most of the times
hidden from the front camera, as it is occluded by the cabinet. 3DFA always opens
the cabinet but then struggles to find the cup. To verify, we trained 3DFA using the
overhead camera for this task and achieved 74%. Another example of heavy occlusion
is “open fridge”. Some examples of high-precision tasks that 3DFA struggles are
“hang frame on hanger”, “place shape in shape shorter” and “put umbrella in umbrella
stand”.

In the real world experiments, most failure cases of 3DFA in simple tasks
are caused by last-centimeter errors that move the objects towards an undesired
direction. Examples include slipping the ball or not raising the other edge of the
plate high enough. For hard tasks, the success rate is much lower; we think this is
caused by occlusion from the robot or objects in the “handover block”, “open marker”
and “insert battery” tasks. We also discovered a 2cm error in the robot’s forward
kinematics, which significantly reduces the performance on the aforementioned tasks
that require precise operation. This error is exacerbated when the arm leans forward

too much. We show videos of different failure cases for our model on our website.
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For baselines, we found that my [15] needs to keep the relevant object always
appearing on the wrist camera’s view, otherwise it cannot finish the grasping part;
this problem is obvious in “handover block”, “open marker” and “insert battery”
when the wrist camera view is blocked by the object in hand or the robot itself. Most
of my failure cases are in discovering the 3D relationship of objects in the task. For
example, in the two stacking tasks, the object cannot be placed directly above the
other, and in the ”insert marker into the cup” task, the model cannot find the correct
position to drop the marker. On the other hand, iDP3 [392] has a high success rate
in finding the 3D relationship between objects, while most of its failure cases are

caused by failed grasps.
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