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Advancing robotics involves enabling systems to generalize across di-

verse and unseen environments, known as “the open world.” Traditional

approaches rely on state estimators, while modern learning-based methods

develop implicit representations to approximate states. Both approaches

require well-designed states or representations for effective generaliza-

tion. This dissertation investigates learning representations that enhance

generalization in robotic systems, focusing on objects and actions.

First, I introduce SORNet (Spatial Object-Centric Representation

Network), a framework for learning object-centric representations from

RGB images using canonical object views. SORNet generalizes to unseen

objects with different shapes and textures, outperforming existing tech-

niques in tasks like spatial relation classification and task planning for

sequential manipulation.

Next, I present M2T2, a transformer model that predicts low-level

actions for manipulating objects in cluttered scenes. M2T2 reasons about

contact points and gripper poses from raw point clouds. Trained on a

large-scale synthetic dataset, M2T2 achieves zero-shot sim2real transfer on

real robots, surpassing state-of-the-art models in both overall performance

and in challenging tasks requiring object re-orientation.



Finally, I introduce RoboPoint, a vision-language model that predicts

keypoint affordances from language instructions. Using a synthetic data

generation pipeline, RoboPoint trains without real-world data collection or

human demonstration. It supports applications such as robot navigation,

manipulation, and augmented reality, and outperforms existing models in

spatial affordance prediction and task success rates.

The dissertation concludes with a discussion on challenges and future

directions for developing foundational models in robotics, aiming to create

versatile systems capable of operating in open-world environments.
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Chapter 1

Introduction

Robotics has seen significant advancements in recent years, with improvements in both

hardware and software. However, a critical challenge remains: enabling robots to oper-

ate effectively in open-world environments—settings that are unstructured, dynamic,

and inherently unpredictable. This dissertation introduces a few efforts towards

open-world robotics by developing appropriate representations via learning-based

methods. More specifically, we focus on representations for objects and actions, which

are fundamental concepts in robotics. These representations are key to enhancing

the generalization capabilities of robotic systems in such environments.

Objects and actions are central to robotic operations. A robot’s ability to perceive

and manipulate objects effectively, and to plan and execute actions, underpins

its capacity to function autonomously in a wide range of scenarios. Traditional

robotics has relied heavily on explicit state estimators, where understanding is crafted

through predefined models and rules. While these methods are effective in controlled

environments, they struggle to adapt to the variability and complexity of open-world

scenarios. Modern learning-based approaches, on the other hand, aim to develop

implicit representations that approximate the state of the environment through data-

driven learning processes. By focusing on learning robust representations for objects

and actions, we can significantly improve a robot’s ability to generalize its behavior

and adapt to new, unseen situations.

This dissertation introduces three key contributions—SORNet, M2T2, and Robo-

Point—each representing an advancement in how robots perceive and interact with
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1. Introduction

the world. SORNet is centered on learning object representations, while M2T2 and

RoboPoint focus on learning representations for actions. Together, these models push

the boundaries of what robots can achieve in open-world environments by enhancing

their ability to generalize across different contexts.

1.1 Background

In the field of robotics, enabling robots to perform complex tasks in unstructured

environments requires effective methods for representing and reasoning about both

objects and actions. This background section explores various approaches in the

literature, highlighting the evolution from classical, model-based methods to more

recent learning-based approaches that aim to generalize across diverse scenarios.

1.1.1 Evolution of Manipulation Approaches

Traditionally, model-based sequential manipulation [4, 24, 26, 66, 75, 83] has been

the cornerstone of robotic systems. In these approaches, robots rely on a model-based

state estimator to generate explicit object states—such as bounding boxes or 6D

poses—from sensor observations. These states are then used by task and motion

planners to produce action sequences that lead to a desired goal. However, the

primary limitation of these methods is their reliance on predefined object models,

which restricts their ability to handle a wide range of objects, particularly in open-

world environments.

In contrast, end-to-end (model-free) manipulation methods [19, 27, 33, 42, 65, 98]

bypass the need for explicit object state estimation by learning motor controls directly

from raw sensor data. These approaches eliminate dependence on object models,

making them more flexible in some contexts. However, they also suffer from significant

drawbacks, such as the lack of object-awareness, which limits their ability to reason

about tasks involving multiple objects or requiring long-horizon planning.

1.1.2 Advancements in Spatial and Visual Reasoning

The ability to reason about spatial relations between objects is crucial for complex

manipulation tasks. In 3D vision, several methods [23, 74, 77] have been proposed to

2



1. Introduction

predict spatial relations from 3D inputs like point clouds or voxels, often assuming

complete observation and segmented objects. While effective, these approaches

typically require significant preprocessing and are limited by their assumptions about

object observability.

In robotics, learning frameworks have been developed to classify spatial relations

from sequences of sensor observations, which are then used in planning [41, 54]. Despite

these advancements, most of these methods remain constrained by the specific types

and numbers of objects they can handle. Recent approaches in visual reasoning have

shown promise in addressing these limitations by leveraging transformer networks [90]

and object-based attention mechanisms [15, 103]. These models have been applied to

spatio-temporal reasoning tasks, often using segmentation models to produce object

segments. However, they still rely on certain assumptions that limit their applicability

in more complex, real-world scenarios.

SORNet (Spatial Object-Centric Representation Network) [100], introduced in this

dissertation, builds on these ideas by learning object-centric representations directly

from RGB images without requiring segmentation or object detection modules. This

approach enables zero-shot generalization to unseen objects, which is critical for

performing spatial reasoning in dynamic environments.

1.1.3 Multi-Task Learning and Action Modes

In robotics, multi-task learning has emerged as a powerful approach to improve

sample efficiency and performance across diverse tasks. By training a single model

to handle multiple tasks [37], researchers have shown that it is possible to learn

common representations that generalize better to new tasks [67]. However, end-to-end

language-conditioned policies [5, 38, 79], which have been popular in recent multi-task

learning approaches, often struggle with generalizing to out-of-distribution tasks and

objects.

M2T2 (Multi-Task Transformer Model) [101], presented in this dissertation, ad-

dresses this challenge by providing a common framework for various manipulation

skills, such as grasping and object placement. Unlike task-specific models, M2T2

supplies action primitives that work robustly on unseen objects in real-world scenarios,

making it a key component of a flexible open-world manipulation system.

3



1. Introduction

Grasping and placement are two fundamental action modes for robotic manip-

ulators. While object grasping has been extensively studied, with many methods

now focusing on learning 6-DoF grasp poses from 3D point clouds [22, 59, 60, 85],

these approaches typically target single skills. M2T2 extends this capability by

incorporating grasping into a broader set of manipulation skills, including object

placement, which is less studied but equally important. By predicting placement

poses that consider both the object and the gripper, M2T2 advances the state of the

art in multi-task learning for robotics.

1.1.4 Affordance Prediction and Vision-Language Models

Affordance prediction—the ability to predict the functions of an object based on

its appearance—ties visual observations to potential actions, making it a critical

component of robotic manipulation. Various methods have been developed to predict

affordances, ranging from part segmentation [16, 35, 69] to keypoint prediction [52, 57,

70]. In this dissertation, the focus is on using a 2D keypoint representation, which can

be readily converted into language format, making it compatible with vision-language

models.

Recent advancements in zero-shot language models for robotics have shown that

language models can be effective planners for robotic tasks [2, 45, 81], particularly

when combined with visual reasoning capabilities. However, these models often rely on

predefined action primitives or external models for detecting relevant objects, which

limits their flexibility. RoboPoint [102], another key contribution of this dissertation,

overcomes this limitation by directly predicting keypoint affordances from language

instructions. This approach allows for more fine-grained action predictions and greater

scalability, making it a valuable addition to the toolkit for open-world robotics.

1.2 Challenges

Despite recent advancements, several challenges remain in the field of robotics, par-

ticularly when it comes to generalization and scalability in open-world environments:
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Generalization Beyond Training Data: Current end-to-end learning approaches,

including behavior cloning, have shown limited success in generalizing beyond their

training data distribution. These models often excel in controlled environments but

struggle to adapt to new, unseen scenarios, particularly when encountering objects or

tasks outside of their training experience.

Object Representation: Traditional model-based approaches rely on explicit

object models, which restrict their ability to handle a diverse range of objects.

Meanwhile, model-free approaches often lack object-awareness, making it difficult

for robots to reason about tasks involving multiple objects or requiring long-term

planning.

Action Representation: The ability to generalize action representations across

different tasks and environments remains a significant challenge. Current methods

often focus on specific manipulation skills, such as grasping, but struggle to extend

these capabilities to more complex tasks involving object placement or multi-step

manipulation.

Scalability and Flexibility: The reliance on predefined models or action primitives

limits the scalability of current approaches. Additionally, the need for extensive

training data and expert demonstrations presents significant challenges for deploying

these models in real-world scenarios.

1.3 Our Approach and Outline

To address the challenges of generalization in open-world environments, this disser-

tation presents several approaches that explore the design space for learning-based

object and action representations. The focus is on enhancing generalization and

enabling robust performance across diverse and unseen scenarios. Below is an outline

of the document.

Chapter 2 introduces SORNet (Spatial Object-Centric Representation Network),

a novel framework for learning object-centric representations directly from RGB

images. Unlike traditional methods that rely on segmentation or object detection,
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1. Introduction

SORNet enables zero-shot generalization to unseen objects by learning from simple

image patches representing objects. This capability is critical for tasks requiring

spatial reasoning and sequential manipulation, where understanding the spatial

configuration of objects is essential for successful execution. SORNet’s ability to

generalize to novel objects makes it a powerful tool for complex robotic manipulation

tasks.

Chapter 3 presents M2T2 (Multi-Task Masked Transformer), a transformer

model designed to address the challenge of action representation. M2T2 provides

a unified framework for various manipulation skills, including grasping and object

placement, by reasoning about contact points and gripper poses from raw point

clouds. This transformer-based model generalizes across different action modes

and demonstrates strong zero-shot transfer to real-world scenarios. M2T2 is a key

component in building a flexible open-world manipulation system capable of handling

diverse tasks with high precision and reliability.

Chapter 4 introduces RoboPoint, a vision-language model (VLM) that predicts

keypoint affordances from language instructions, addressing the limitations of current

VLMs that rely on predefined action primitives. By directly predicting action points

based on language inputs, RoboPoint enables more fine-grained and scalable action

predictions. This capability is crucial for complex tasks such as object rearrangement

and navigation, where precise and context-aware actions are required. RoboPoint’s

integration of real-world VQA data with synthetic datasets allows it to generate

accurate and flexible action points, demonstrating its potential for broader applications

in robotics and beyond.

Chapter 5 concludes this dissertation by highlighting the collective advancements

made through SORNet, M2T2, and RoboPoint towards developing autonomous

robotic systems capable of operating in open-world environments. However, the

journey towards creating a GPT-like foundation model for robotics that functions

seamlessly across diverse environments continues. Future work will focus on scaling

data collection and exploring end-to-end learning models that replace traditional

hierarchical systems. The integration of mobility and manipulation, coupled with

advancements in synthetic data generation, will be crucial in overcoming current

limitations and pushing the boundaries of what autonomous robotic systems can

achieve.

6



Chapter 2

SORNet: Spatial Object-Centric

Representations for Sequential

Manipulation

Robots must comprehend objects and their relationships to execute complex multi-

step tasks effectively. Consider a task where a robot needs to dismantle a tower of

blocks and rebuild it in a different order. The robot must determine whether each

block is accessible, devise strategies to make each block accessible, and understand

the consequences of its actions as each block is moved.

To address such long-horizon sequential manipulation tasks, it is common to

employ a state estimator followed by a task and motion planner [4, 24, 26, 66, 75, 83].

These model-based systems are robust at reasoning and can be applied to various

tasks with different goal conditions. However, their effectiveness is limited by the

state estimator, which outputs explicit object states, such as 6D poses, that are

challenging to estimate precisely from raw data and are not optimized for downstream

tasks. Despite the existence of several powerful approaches for explicitly estimating

the state of objects in the environment [14, 43, 84, 92], generalizing these approaches

to an arbitrary collection of objects remains difficult. Furthermore, manipulation

scenes often involve contact and occlusion, where state estimation methods tend to

fail [93, 95].

Fortunately, explicit states, such as the exact poses of objects, are not always

7



2. SORNet: Spatial Object-Centric Representations for Sequential Manipulation

Figure 2.1: We propose SORNet (Spatial Object-Centric Representation Network),
a method which learns object embeddings from RGB observation given a set of object
queries called canonical object views. SORNet adapts to novel objects without the
need for annotating new data and finetuning. SORNet embeddings can be used to
solve a variety of spatial reasoning tasks such as classifying spatial relations and
regressing relative directions between objects.

necessary for manipulation tasks. An alternative approach involves learning motor

controls directly from raw sensor data, such as RGB images and joint encoder

readings. Known as the end-to-end approach, these methods utilize powerful neural

network backbones that extract low-level embedding vectors from high-dimensional

images and optimize directly for downstream tasks. Although recent methods in this

category [19, 27, 33, 42, 65, 98] can perform complex manipulation tasks, they often

lack transferability to new tasks and goals, particularly those involving long-horizon

planning. The primary limitation is that these methods use scene-level representations

(i.e., a single embedding vector per image) that do not facilitate object-level reasoning.

In this chapter, we introduce an object-centric representation learning framework

that incorporates explicit notions of objects but uses implicit, learnable embeddings

that generalize to novel objects, can be optimized for downstream tasks, and support

object-level reasoning for a variety of goal-conditioned tasks. Specifically, we propose

a neural network backbone called SORNet (Spatial Object-Centric Representation

Network). SORNet extracts object embeddings from raw RGB observations condi-

tioned on a set of object queries, referred to as canonical object views. The design of

SORNet, depicted in Fig. 2.1, enables it to generalize to scenes with novel objects

8



2. SORNet: Spatial Object-Centric Representations for Sequential Manipulation

without any parameter modifications. The object-centric embeddings produced by

SORNet can be integrated with readout networks to provide a task and motion

planner with crucial spatial relations needed to formulate a plan for goal-directed

sequential manipulation tasks, such as logical preconditions for primitive skills or

continuous 3D directions between object centers.

We empirically evaluate SORNet on the classification of logical predicates and

the regression of relative 3D directions between entities in manipulation scenes. Our

results demonstrate the advantage of SORNet’s object-centric representation over

the scene-level representation produced by state-of-the-art pretraining methods on

these spatial reasoning tasks. Additionally, we test SORNet on held-out objects that

did not appear in the training data, showing that SORNet generalizes to common

household objects from novel categories in a zero-shot manner.

2.1 Object Embedding Network

Our object embedding network, SORNet (Fig.2.2), processes an RGB image along

with an arbitrary number of object queries to produce an embedding vector for each

object query. The object queries are represented as image patches containing a

single object, referred to as canonical object views. It is important to note that these

canonical object views are not crops from the input image but are arbitrary views of

the objects of interest, which may not match the objects’ appearance in the scene.

The model is designed to recognize objects despite significant changes in lighting,

pose, and occlusion (examples of canonical object views used in our experiments can

be seen in Fig.2.3). Essentially, the canonical object views function as queries, with

the RGB image serving as the context from which spatial relations are extracted.

The network architecture is based on the Vision Transformer (ViT) [17]. The

input image (or images) is divided into fixed-sized patches, termed context patches.

These context patches are concatenated with the canonical object views to form a

patch sequence. Each patch is first flattened and then linearly projected into a token

vector. We add a series of learnable vectors, matching the token vector dimensions, as

positional embeddings. The positional-embedded tokens are then processed through

a transformer encoder, comprising multiple layers of multi-head self-attention [90].

The transformer encoder outputs a sequence of embedding vectors, from which we

9



2. SORNet: Spatial Object-Centric Representations for Sequential Manipulation

Figure 2.2: SORNet architecture. Input to the network is an RGB image and
canonical views of the object queries. The RGB image is broken into context patches
which have the same size as the canonical object views. The sequence of patches are
flattened, position-encoded and passed through a multi-layer transformer to obtain
a sequence of embedding vectors. The embeddings corresponding to the canonical
object views are used for downstream tasks such as relation prediction. Additional
views and modes of observations such as depth can be optionally added to the network.
The top left inset shows examples of canonical object views used during training.

discard the embeddings corresponding to the context patches, retaining only those

from the canonical object views as the output object embeddings.

There are two noteworthy implementation details:

Increased Spatial Resolution: To enhance spatial resolution, it is advantageous

to use smaller patch sizes in the transformer’s input sequence, even smaller than

the size of the canonical object views. This results in multiple tokens in the output

sequence corresponding to the same object query. We concatenate the tokens from

the same object to form the representation for that object.

10



2. SORNet: Spatial Object-Centric Representations for Sequential Manipulation

Figure 2.3: Examples of canonical object views in the Leonardo (left) and Kitchen
(right) dataset. Lighting, texture and object poses vary across different views. Some-
times there is also occlusion by the robot.

Permutation Equivariance: The positional embedding provides the transformer

with the absolute position of the patch in the image. However, there is no inherent

order among the set of object queries. To ensure that the output object embeddings

are permutation equivariant, we assign the same set of position embedding vectors

to each object (indicated by the 0s preceding input object tokens in Fig. 2.3). This

allows us to input an arbitrary number of canonical object views in any order without

modifying the model parameters during inference.

2.2 Readout Networks

The readout networks (Fig. 2.4), as their name implies, are designed to “read out”

object relations using the embedding vectors generated by the embedding network.

These relations can be logical statements, such as determining if the blue block is

stacked on top of the green block, or continuous quantities, like determining the

direction the end effector should move to reach the red block. The readout networks

consist of a collection of 2-layer MLPs, each tailored to a specific type of relation.

Each readout network takes a number of object embeddings as inputs and outputs a

quantity relevant to the input object arguments.

Our framework primarily focuses on unary and binary relations, though it can

be extended to handle relations involving more than two objects. Unary readout

networks take a single object embedding as input and output a quantity involving that

11



2. SORNet: Spatial Object-Centric Representations for Sequential Manipulation

Figure 2.4: Architecture of the readout networks, which uses the object embeddings
from SORNet to predict spatial relations, such as logical statements that can
serve as skill preconditions or continuous 3D directions. The readout network is
flexible to accommodate any number of input object embeddings without changing
its parameters.

single object, optionally in relation to an environmental element such as the robot

or a region on the table. For instance, the top is clear classifier, when given the

embedding conditioned on the blue block, outputs whether there is an object on top

of the blue block. Binary readout networks take pairs of object embeddings, created

by concatenating the embeddings of two objects, and output quantities involving the

pair, such as determining if the blue block is on top of the red block.

A key feature of our readout network design is that the parameters of the readout

networks are independent of the number of object inputs. Given N input object

embeddings, each unary readout network will output N relations, and each binary

readout network will output N(N − 1) relations. The number of output relations

dynamically adjusts based on the number of inputs. This design enables our model

to generalize in a zero-shot manner to scenes with different numbers of objects from

those seen during training.

2.3 Data Generation

To ensure that our network learns spatial relations between objects rather than

overfitting to irrelevant factors like color and texture, it is crucial to train on a large-

scale dataset with diverse object appearances and scene layouts. Existing robotics

datasets are often limited in object variety (e.g., only containing YCB objects [8]) and

12
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scene complexity, while existing vision datasets lack robot or object layouts pertinent

to manipulation tasks (e.g., stacked objects). Therefore, we created our own tabletop

environment where a Franka arm manipulates a set of randomly colored objects.

In our dataset, the robot is provided with a goal formulated as a list of logical

predicates to be satisfied. A simple task and motion planner [66] is used to devise a

plan based on the ground truth object states in simulation. Fig. 2.7 illustrates some

example tasks included in the dataset. The robot then executes the plan in simulation,

and we use NVISII [58] to render RGB and depth images each time a predicate value

changes. This approach ensures that we capture the critical moments when the robot

transitions to a different primitive skill. To enhance visual diversity, we applied

domain randomization, including random lighting, backgrounds, and perturbations

to the camera position during rendering. Ground-truth logical states are computed

and recorded alongside the rendered frames.

We created two datasets, Leonardo and Kitchen, to serve different purposes:

Leonardo Dataset: This dataset includes a single object shape (blocks) but

features more complex scene layouts, such as towers of four stacked blocks. This

setup allows the network to learn intricate spatial relationships within a simplified

object context.

Kitchen Dataset: This dataset contains a wide variety of object shapes, featuring

common household items from the ACRONYM subset [21] of ShapeNet [9]. This

diversity in object shapes helps the network generalize across different object types

and appearances.

Further details about the datasets are elaborated below.

2.3.1 Leonardo Dataset

The first of our two datasets is the Leonardo blocks stacking dataset. The training

data comprises over 130K sequences, each depicting a single task: stacking four

blocks into a tower. Block colors are randomly selected from the xkcd color palette

(https://xkcd.com/color/rgb). The testing dataset consists of 1.6K sequences,

each containing 4-7 blocks. For testing, block colors are chosen from seven colors

13

https://xkcd.com/color/rgb


2. SORNet: Spatial Object-Centric Representations for Sequential Manipulation

Figure 2.5: Sample scenes from training and testing scenarios in the Leonardo dataset.
Top row shows the initial configuration of a sequence and the bottom row shows
the goal configuration. The training scenarios contain 4 blocks with a single goal
condition. The testing scenarios contain 4-7 blocks with heldout colors and various
goal conditions involving multi-tower stacking.

Figure 2.6: Sample scenes from the kitchen dataset. The top and bottom rows show
two different views. SORNet can leverage additional views to improve performance,
but does not require multiple views.
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that are not present in the training data: red, green, blue, yellow, aqua, pink, purple.

Additionally, we excluded all training colors that contain the test color names (e.g.,

light red), resulting in a total of 405 unique training objects.

The testing tasks are designed to be different from the single-tower-stacking task

in the training data and comprise eight distinct super-tasks:

1. Building a single tower with two blocks.

2. Building two towers, each with two blocks.

3. Ensuring a specific block is not on the table.

4. Ensuring two blocks are not on the table.

5. Building a tower with three blocks.

6. Placing a block in a specific location.

7. Ensuring a block is not on the table while building a tower with two blocks.

8. Building a tower in a designated area of the table.

Fig. 2.7 shows examples of these tasks from the dataset.

2.3.2 Kitchen Dataset

The second dataset is the Kitchen object rearrangement dataset. Objects in this

dataset are selected from the ShapeNet objects [9] used in the ACRONYM grasp

dataset [21], featuring 330 object shapes across 33 categories typically found in a

home, such as books and video game controllers. The Kitchen dataset uses the same

train/test color split as Leonardo and further excludes the mug and bowl categories

from the training data, ensuring they only appear in the test data. This setup

demonstrates SORNet’s ability to generalize not only to unseen object instances but

also to entirely new object categories. Additionally, a shelf is optionally included

beside the table to diversify the environment.

Unlike the Leonardo dataset, which samples specific high-level goals, the Kitchen

dataset samples high-level action traces of picking and placing random objects.

Objects can be placed in specific regions on the table, on a shelf (if available), or atop

other objects. The training dataset contains over 24K sequences, while the testing

dataset includes 1.6K sequences. Each sequence features 3 to 7 objects appearing

simultaneously. Fig. 2.6 provides example frames from the dataset.
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Figure 2.7: Visualization of some of the different tasks in the Leonardo test set. We
used a wide variety of tasks to generate interesting data, taking the form of building
one or more towers of varying heights, ensuring that certain objects were or were not
on the table, and combinations of the above.
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2.4 Experimental Results

In this section, we compare SORNet’s object-centric embeddings with the scene-level

embeddings learned by state-of-the-art representation learning techniques. We also

demonstrate SORNet’s unique ability to generalize to novel objects without any

labels.

2.4.1 Spatial Relation Classification

First, we evaluate SORNet on the task of predicting spatial relations among objects in

manipulation scenes using logical predicates, e.g., left of(red mug, green bowl).

The models are provided with an RGB image of the scene and tasked with predicting

a list of binary (True or False) predicates. Please refer to the supplementary materials

for a complete list of predicates.

We benchmark our model against these state-of-the-art pretraining methods:

• CLIP [71] uses contrastive pretraining on a large-scale, non-public image-

caption dataset and has achieved state-of-the-art results on tasks such as

ImageNet classification.

• R3M [62] pretrains a ResNet [31] on egocentric videos from the Ego4D dataset

[29] using time contrastive loss and video-language alignment.

• MVP [94] pretrains vision transformers [17] on egocentric videos from a combi-

nation of datasets (e.g., Epic Kitchens [13]) using masked autoencoding.

• MAE [32] pretrains vision transformers on the ImageNet data using recon-

struction from masked input (referred to as masked autoencoding) and has

demonstrated state-of-the-art transfer results to image classification.

• MAE-sor is a variant of MAE trained on our data (Leonardo and Kitchen)

using the masked autoencoding objective.

We design two evaluation protocols:

• Frozen Embedding: The pretrained image embedding network is frozen, and

only the readout networks (2-layer MLPs) are trained. This protocol assesses

how much spatial information the pretrained embedding encodes.

• Finetuned Embedding: Both the embedding network and the readout net-
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(a) Frozen Embedding

(b) Finetuned Embedding

Figure 2.8: Predicate classification (left) and relative direction regression (right)
results on Leonardo and Kitchen data. SORNet clearly outperforms other pre-
training methods on reasoning about spatial relations in scenarios with complex
object interactions. In addition, the 0-shot model that has not seen any labeled data
for the test objects also performs reasonably well.
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works are trained. This protocol evaluates whether the network can learn spatial

information when provided with appropriate supervision.

To ensure a fair comparison, we trained all baselines and SORNet on 10K sequences,

with objects sampled from a fixed repository, and tested them on 1.6K sequences.

Evaluations were conducted on both Leonardo (blocks only) and Kitchen data

(common household objects). In the Leonardo data, the repository contains 7 objects,

with each scene featuring 4-7 objects. In the Kitchen data, the repository contains

14 objects, with each scene featuring 3-8 objects. Both the baselines and SORNet

are given ground truth object identities. Baselines always predict predicates for all

objects in the repository, and only the predicates related to objects appearing in

the current scene are evaluated. For SORNet, we provide the canonical patches

corresponding to the objects in the scene.

We report the average F-1 score in Fig. 2.8. In the frozen embedding scenario,

the baselines perform significantly worse than SORNet, indicating that existing

pretraining methods do not work in a plug-and-play fashion for spatial reasoning

tasks. The learned representations from these methods do not contain the necessary

information for predicting spatial relationships among objects. In the finetuned

embedding scenario, baselines perform much better, but SORNet still outperforms

all baselines, especially on the Kitchen data, which contains more complex objects

and scenes. This demonstrates the advantage of an object-centric network.

Moreover, SORNet’s design allows it to be applied zero-shot, i.e., without any

additional annotation, to objects unseen during training. This capability is reflected

by the SORNet (0-shot) model in Fig. 2.8. None of the baselines can achieve

this since their representations are not object-specific, requiring additional training

or fine-tuning to work on novel objects. Fig. 2.9 presents qualitative results of the

zero-shot model on the Kitchen data, where both the color and shape (category) of

all objects do not appear in the training set.

2.4.2 Relative Direction Regression

In addition to predicting logical relations, the object embeddings learned by SORNet

can also be used to predict continuous spatial information. To demonstrate this,

we apply SORNet to predict the relative 3D direction between entities. Specifically,
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Figure 2.9: Qualitative predicate classification results with SORNet trained on the
simulated kitchen dataset and tested on held-out objects. Each column is a different
scenario. The first and second row shows the side and front view of the scene
respectively, followed by the canonical views of 5 query objects. Black text denotes
correctly labeled true predicates; blue text denotes false positive predictions; and red
text denotes false negatives. True negatives are not shown due to limited space.
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Figure 2.10: Relative Direction Prediction using pretrained SORNet embeddings.
The color of the arrow corresponds to the color of the target. Solid arrows are
the predictions and dashed arrows are the ground truths. Not all predictions are
visualized in order to keep the plot clean. The first and third columns show the
relative direction from the robot’s end effector to the object centers. The second and
fourth columns show the relative direction between object centers.
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MDETR MDETR-oracle sornet(ours)

ValA Accuracy 84.950 97.944 99.006
ValB Accuracy 59.627 98.052 98.222

Table 2.1: Zero-shot relation classification accuracy on CLEVR-CoGenT [39]. The
MDETR-oracle model has seen all the objects during training, where as MDETR [40]
and SORNet have only see objects in condition A. SORNet takes canonical views as
queries whereas MDETR takes text queries.

we trained a regressor (using the same architecture as the classifier) to predict the

continuous vector between two object centers (Obj-Obj) or the direction the end

effector should move to reach a certain object (EE-Obj). The x, y, z components

of the continuous vector are treated as ”predicates” with continuous values and

trained with L2 loss. The regressor predicts both the directions from the robot’s

end-effector to the object centers (EE-Obj), and the directions between the object

centers (Obj-Obj).

Results are summarized in Fig.2.8. We compare to the same baselines and employ

the same two evaluation protocols, frozen and finetuned embedding. SORNet is able

to outperform competing pretraining methods (CLIP, MVP, R3M, and MAE) in a

similar fashion. This demonstrates that SORNet’s representation transfers much

better to manipulation scenarios where more precise spatial information is crucial. We

can also apply SORNet in a zero-shot fashion to scenes with novel objects. Fig. 2.10

shows some qualitative predictions of the zero-shot SORNet model.

2.4.3 Compositional Generalization on CLEVR-CoGenT

We also evaluate our approach on a variant of the CLEVR dataset [39], a well-

established benchmark for visual reasoning. CLEVR contains rendered RGB images

with up to 10 objects per image. There are 96 different objects in total (2 sizes, 8

colors, 2 materials, 3 shapes). Each image is labeled with 4 types of spatial relations

(right, front, left, behind) for each pair of objects.

Specifically, we use the CoGenT version of the dataset, which stands for Composi-

tional Generalization Test, where the data is generated in two different conditions.

In condition A, cubes are gray, blue, brown, or yellow, and cylinders are red, green,

purple, or cyan. Condition B is the opposite: cubes are red, green, purple, or cyan,
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and cylinders are gray, blue, brown, or yellow. Spheres can be any color in both

conditions. The models are trained on condition A and evaluated on condition B.

The training set (trainA) contains 70K images, and the evaluation set (valB) contains

15K images. Several prior works [40, 96] show a significant generalization gap on

CLEVR-CoGenT caused by the visual model learning strong spurious biases between

shape and color.

We generate a question for each spatial relation in the image, e.g., ”Is the large

red rubber cube in front of the small blue metal sphere?” We filter out any ambiguous

queries, e.g., if there were two large red cubes, one in front and one behind the small

blue sphere. This results in approximately 2 million questions for both valA and

valB sets. We compare against MDETR [40], which reports state-of-the-art zero-shot

results on CLEVR-CoGenT, i.e., no fine-tuning on any example from condition B.

The results are summarized in Table 2.1. Our model performs drastically better in

classifying spatial relations of unseen objects and shows a much smaller generalization

gap between valA and valB sets.

Unlike MDETR, which takes text queries, our model takes visual queries in the

form of canonical object views (i.e., 2 canonical views for the objects mentioned in

the question). To eliminate the influence of those factors, we report the performance

of the MDETR model trained on the full CLEVR dataset, denoted as MDETR-oracle.

Although SORNet is only trained on condition A, it achieves similar performance to

MDETR-oracle. The zero-shot generalization ability of our model can potentially be

combined with other reasoning pipelines to improve generalization performance on

various types of queries.

Fig. 2.11 shows examples of spatial relation classification on CLEVR-CoGenT.

These examples demonstrate that SORNet can identify objects not only using color

cues but also shape (e.g., blue sphere vs. blue cylinder in the topmost example),

size (e.g., small cyan cube vs. big cyan cube in the second from top example), and

material (e.g., small purple metal cube vs. small purple rubber cube in the third

from top example). We also visualize the relevant canonical object views provided

to the model, which can have a very different appearance from the corresponding

objects in the input image. It is more appropriate to consider these canonical views

as a visual replacement for natural language rather than the result of object detection

or segmentation.
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Figure 2.11: Relation classification in CLEVR-CoGenT. In addition to color, SORNet
is able to distinguish objects based on shape, size and material. It is also able to deal
with heavy occlusion. Note that the object patches provided to SORNet can have
very different appearance than the corresponding objects in the input frame.
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on_surface(blue_plate, tabletop)
on_surface(red_mug, tabletop)

left_of(blue_plate, red_mug)
right_of(blue_plate, red_mug)

on_surface(blue_plate, tabletop)
on_surface(red_mug, tabletop)

left_of(blue_plate, red_mug)
right_of(red_mug, blue_plate)

in_front_of(blue_plate, red_mug)
behind(red_mug, blue_plate)

on_surface(blue_plate, tabletop)
on_surface(red_mug, tabletop)
above(red_bowl, blue_plate)
right_of(red_mug, blue_plate)
behind(red_mug, blue_plate)

colliding(blue_plate, red_mug)
colliding(red_mug, blue_plate)
touching(blue_plate, red_mug)
touching(red_mug, blue_plate)

on_surface(blue_plate, tabletop)
on_surface(red_mug, tabletop)
above(blue_plate, red_bowl)

colliding(blue_plate, red_mug)
colliding(red_mug, blue_plate)
touching(blue_plate, red_mug)
touching(red_mug, blue_plate)

on_surface(blue_plate, tabletop)
left_of(blue_plate, red_mug)

right_of(blue_plate, red_mug)

Figure 2.12: Predicate classification by SORNet trained on the simulated kitchen
dataset and tested on held-out real-world objects. Each column is a different scenario.
The first and second row shows the side and front view of the scene respectively,
followed by the canonical views of the query objects (“blue plate and “red mug”).
Black text denotes correctly labeled true predicates; blue text denotes false positive
predictions; and red text denotes false negatives. We can see that SORNet produces
accurate labels in many scenes, and shows strong transfer even to scenes and objects
that are very out of its training distribution.
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2.4.4 Sim-to-real Transfer

SORNet embeddings can transfer from simulation to the real world without any fine-

tuning. To demonstrate this capability, we conducted a set of experiments capturing

various scenes containing novel, unseen objects in previously unseen colors from our

held-out test object set. In each scene, we selected a random pair of objects and

compared manually-labeled predicates with those predicted by SORNet.

Fig. 2.12 presents examples of scenes from the real-world testing dataset. Im-

portantly, these objects were randomly chosen from the real world. Two cameras,

placed without any extrinsic calibration, captured side and front views of the scene.

SORNet, trained solely on RGB data with two views, was used for this experiment.

The canonical views were taken using the ”square” mode on a smartphone. Each

column shows a particular state of the world along with the predicate classification

by SORNet. For simplicity, we display the predicates of only two objects: “red mug”

and “blue plate.” In the visualization, black text indicates true positive predictions;

blue text indicates false positive predictions, and red text indicates false negatives.

Despite never being trained on real-world observations, SORNet achieves accurate

classification in many scenes, demonstrating its robust transfer capability even to

scenes and objects outside of its training distribution. This highlights SORNet’s

potential for real-world applications in complex environments without the need for

additional training.

2.4.5 Attention Visualization

Fig. 2.13 visualizes the attention weights learned by the visual transformer model

to obtain the object-centric embeddings. Specifically, we extract the normalized

attention weights from the tokens corresponding to the canonical object views to

the tokens corresponding to the context patches and convert these weights into a

colormap. The intensity of the colormap indicates the magnitude of the attention

weight over that patch. We then overlay the colormap onto the input image.

From this visualization, we observe that while the model places the highest

attention on the patch containing the object of interest, it also learns to attend to

the robot arm and other relevant objects, while effectively ignoring the irrelevant

background. Additionally, we display the canonical object patches provided to the
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Figure 2.13: Visualization of the attention learnt by SORNet. Leftmost column is
the input frame and remaining columns visualize the attention weights of the object
tokens over the context patches. The corresponding canonical object view is shown
on top of each attention visualization. We can see that SORNet learns to attend to
not only the object of interest but also the robot and other objects as well, while
ignoring irrelevant background.
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model. These canonical patches can look significantly different from the same objects

in the image due to variations in lighting conditions and occlusions. The model

must associate the canonical view with the input view of the object despite these

differences.

This visualization demonstrates the model’s capability to focus on pertinent

elements in the scene and establish connections between canonical and input views

of objects under varying conditions, showcasing its robust understanding of spatial

relations and object-centric embeddings.

2.5 Limitations

SORNet currently only takes visual queries using canonical object views. This limits

its ability to perform complex queries that involves language and also non-rigid objects

that are difficult to capture with a single view. An interesting future direction is to

explore the integration of SORNet with modern vision-language models to handle

more complex reasoning.

2.6 Summary

We proposed SORNet (Spatial Object-Centric Representation Network), which

learns object-centric representations from RGB images. The object embeddings

produced by SORNet effectively capture spatial relations, enabling their use in down-

stream tasks such as spatial relation classification, skill precondition classification, and

relative direction regression. Our method operates on scenes with an arbitrary number

of unseen objects in a zero-shot fashion. Through real-world robot experiments, we

demonstrate SORNet’s applicability in manipulating novel objects, showcasing its

potential for real-world applications without requiring additional training.
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Chapter 3

M2T2: Multi-Task Masked

Transformer for Object-centric Pick

and Place

The successful completion of many complex manipulation tasks, such as object re-

arrangement, relies on robust action primitives capable of handling a wide variety

of objects. Recently, significant progress has been made in open-world object ma-

nipulation [2, 38, 44, 80] by using language models for high-level planning. However,

these methods are often restricted to scenes with a limited number of fixed object

shapes due to the limited capability of low-level skills such as picking and placing.

Concurrently, task-specific models [60, 82, 85] excel in a particular skill across a wide

range of objects. This raises the question: is it possible to have a single model that

can robustly handle different action primitives across diverse objects?

We propose the Multi-Task Masked Transformer (M2T2), a unified model for

learning multiple action primitives. As illustrated in Fig. 3.1, given a point cloud

of the scene, M2T2 predicts collision-free gripper poses for various types of actions,

including 6-DoF grasping and placing, thus eliminating the need for different methods

for different actions. M2T2 can generate a diverse set of goal poses, providing ample

options for low-level motion planners. Additionally, it can generate more specific goal

poses conditioned on language input. By combining high-level task planners with the

robust action primitives from M2T2, robots can solve many complex tasks.
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Figure 3.1: We propose M2T2, a unified model for learning multiple action primitives.
M2T2 takes a raw 3D point cloud and predicts 6-DoF grasps per-object (lower left)
and orientation-aware placements (lower right, where green means the object can
fit in any orientation and yellow means only a subset of orientations are possible).
Colors on the point clouds are for visualization only.
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3.1 Problem Definition

The M2T2 framework is designed to predict target gripper poses for a variety of

action primitives. This section focuses on two fundamental manipulation actions:

picking and placing.

Object-centric 6-DoF Grasping: The system takes a single 3D point cloud of

the scene, typically obtained from standard depth sensors, as input. It then generates

a set of grasp proposals for objects within the scene. Each proposal consists of a

6-DoF (degrees of freedom) grasp pose, encompassing 3-DoF for rotation and 3-DoF

for translation. These poses specify the exact positioning and orientation required for

the robot’s end effector to successfully grasp an object.

Orientation-aware Placing: This mode operates on a 3D point cloud of the

scene in conjunction with a partial 3D point cloud of the object to be placed. The

output is a collection of 6-DoF placement poses, which indicate the precise positioning

and orientation the end effector should achieve to release the object in a stable

manner, avoiding any collisions. M2T2 ensures the correct orientation of the object to

fit into cluttered spaces, thus facilitating the stable and precise placement of objects.

The fundamental concept behind M2T2 is its ability to reason about contact

points. In the context of picking, the robot’s empty gripper makes contact with the

target object. For placing, the robot maneuvers the object held in its gripper to make

contact with the target surface.

3.2 Network Architecture

Scene Encoder: The scene encoder processes a 3D point cloud of the scene to

generate multi-scale feature maps, which provide context for the contact decoder.

Specifically, it produces four feature maps scaled to 1/64, 1/16, 1/4, 1 of the original

input size respectively. Each feature vector within these maps is associated with a

corresponding point in the input point cloud. For our implementation, we adapt a

PointNet++ [68] model, originally designed for semantic segmentation. However, any

network capable of generating multi-resolution feature maps from 3D point clouds

could serve as the scene encoder.

The PointNet++ [68] model we use has 4 multi-resolution set abstraction layers

31



3. M2T2: Multi-Task Masked Transformer for Object-centric Pick and Place

Figure 3.2: M2T2 generates valid gripper poses for grasping and placing with a single
model. First, a 3D network (scene encoder) takes the scene point cloud and produces
multi-scale feature maps. Then, the features are cross-attended with learnable query
tokens via a transformer (contact decoder). Finally, the output tokens are multiplied
with per-point features and generate contact masks and gripper poses for each object
(for grasping) and each orientation (for placing). For grasping, addition MLPs are
applied to the output tokens and per-point features to predict objectness scores (to
filter out non-object proposals) and grasp parameters (to reconstruct gripper poses).
Optionally, the contact decoder can take a set of tokens encoding language goals to
produce goal-conditioned grasping and placing poses.
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as the encoder and 4 feature propagation layers as the decoder. The input point cloud

is subsampled to 16384 points. Each set abstraction layer will select N/4 seed points

using furthest point sampling where N is the size of the input pointwise feature map.

Then, local features are computed around each seed point and propagated with an

MLP. As a result, the scene encoder produces 4 feature maps of decreasing resolution,

with 16384, 4096, 1024 and 256 points respectively. We use the first per-point feature

map for prediction and the remaining 3 for cross-attention.

Contact Decoder: The contact decoder, implemented as a transformer, predicts

contact points for both grasping and placing actions. For grasping, we utilize the

grasp representation from [85], where each grasp is centered around a visible point on

the object that contacts the gripper. The model also predicts additional parameters

to define the relative transformation of the grasp concerning the contact point. We

extend this approach for placing by defining the contact point as the location where

the center of the object’s point cloud projects onto the surface, such as a table.

Our method leverages insights from image segmentation. We modify the masked

transformer architecture [11] to predict contact masks. The transformer processes a

set of learnable query tokens through multiple attention layers. Feature maps from

the scene encoder, at different resolutions, are integrated via cross-attention at various

stages. The output tokens from each layer interact with the per-point feature map

from the scene encoder to generate interim masks. These interim masks guide the

attention mechanism in subsequent layers, focusing it on relevant regions (hence the

term “masked transformer”). The final output consists of G grasping masks and P

placing masks, where G represents the maximum number of graspable objects and P

denotes the number of possible placement orientations.

Objectness MLP: An MLP (Multi-Layer Perceptron) processes the grasp tokens

to produce an objectness score for each token. This scoring mechanism filters out

non-object tokens, as the number of graspable objects in a scene can vary.

Object Encoder: The object encoder, implemented using PointNet++ [68], en-

codes a 3D point cloud of the object to be placed into a single feature vector.

This feature vector is then added to the place query tokens, enriching them with
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object-specific information.

Action Decoder: The action decoder is composed of a 3-layer MLP. It utilizes the

per-point feature map from the scene encoder to predict a 3D approach direction, a

3D contact direction, and a 1D grasp width for each point. These predictions are

used in conjunction with the contact points to reconstruct grasp poses.

3.3 Training and Inference

3.3.1 Training Objective

Grasping: The training objective for grasping is composed of three components: the

objectness loss (Lobj), the mask loss (Lmask), and the ADD-S loss (LADD−S).

Since the number of objects N in the scene is unknown, we set the number of

grasp tokens G to a large value. M2T2 produces G scalar objectness scores oi and

G per-point masks Mgraspi. Hungarian matching is employed to select N masks

that best align with the ground truth. The cost for each prediction (oi,M
graspi) and

ground truth mask Mgtj is computed as follows:

Cij = 1− oi + BCE(Mpred
i ,Mgt

j ) + DICE(Mpred
i ,Mgt

j ) (3.1)

where BCE is the binary cross-entropy loss and DICE is the DICE loss [55]. Hungarian

matching is then applied to the G×N cost matrix C to find the set of indices M = mi

that minimize the total cost
∑

j = 1NCmjj. The objectness loss is computed by

labeling all matched tokens as positive and others as negative:

Lobj =
1

G

G∑
i=1

− [1(i ∈ M) log(oi) + (1− 1(i ∈ M)) log(1− oi)] (3.2)

The mask loss between the matched masks and the ground truth masks is calculated

as:

Lmask =
1

N

N∑
j=1

BCE(Mpred
mj

,Mgt
j ) + DICE(Mpred

mj
,Mgt

j ) (3.3)

In practice, we find that computing the BCE only for the points with the top k largest
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losses improves performance, where k = 512 for grasping and k = 1024 for placing.

This approach addresses the issue of large class imbalance (over 90% of points are

not contact points).

The ADD-S loss, introduced by [85], is essential for accurate grasp confidence

estimation. To compute this loss, we first define five key points vk on the gripper.

For each pair of predicted grasp and ground truth grasp, the total distance between

the transformed key points is computed as:

dij =
5∑

k=1

∥(Rpred
i vk + tpredi )− (Rgt

j vk + tgtj )∥ (3.4)

Next, the closest ground truth for each prediction is found as ni = argminjdij, and

the ADD-S loss is computed as:

LADD−S =
1

|Cpred|
∑

i∈Cpred

sidini
(3.5)

where Cpred is the set of contact points of predicted grasps, and si is the grasp confi-

dence, a scalar between 0 and 1 derived from the contact masks before thresholding.

By weighting the loss with si, predicted grasps far from any ground truth grasp incur

a larger penalty on confidence, enhancing contact point estimation.

Placing: The placing objective is defined as a combination of BCE and DICE

[55] losses between the predicted and ground truth placement masks:

Lplacing =
1

P

P∑
i=1

BCE(Mpred
i ,Mgt

i ) + DICE(Mpred
i ,Mgt

i ) (3.6)

This is the sole loss for placing, as no additional learnable parameters are required to

reconstruct the placement poses.

3.3.2 Model Inference

Grasp Pose Prediction: During inference, we first select the contact masks with an

objectness score greater than 0.5. For each point p within the selected contact mask,

the corresponding grasp parameters from the action decoder are used to reconstruct
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a 6-DoF grasp pose (Rgrasp, tgrasp) ∈ SE(3) as follows:

tgrasp = p+
w

2
c+ da (3.7)

Rgrasp =

 | | |
c c× a a

| | |

 (3.8)

where c is the unit 3D contact direction, a is the unit 3D approach direction, w is

the 1D grasp width, and d is the fixed distance from the gripper base to the grasp

baseline (the line between the two fingers). For further details on this formulation,

refer to the Contact-Grasp-Net paper [85].

Placement Pose Prediction: The P placement contact masks indicate valid

placement locations when the object in the gripper is rotated by P discrete planar

rotations Rplanar. To recover the placement poses, we first compute the bottom center

b of the object point cloud, which serves as the reference point for contact. Using

forward kinematics, we obtain the current pose of the gripper (Ree, tee). The 6-DoF

placement pose (Rplace, tplace) is then computed as:

tgrasp = p+Rplanar(tee − b) (3.9)

Rgrasp = RplanarRee (3.10)

3.4 Data Generation

We constructed a synthetic dataset containing 130K cluttered scenes for training and

evaluating 6-DoF picking and placing methods. This dataset includes 64K training

scenes and 1K test scenes for both picking and placing. Each scene contains between

1 and 15 objects scattered on a table of varying size, which is equipped with a

Franka Emika robot arm. The objects are sampled from the ACRONYM dataset

[21], comprising 8.8K object models, each annotated with 2K grasps. These objects

span 252 different categories, with 12 categories excluded from training. Half of the

test scenes contain only objects from these 12 unseen categories. For each scene, we

generate a 512× 512 depth image from a random viewpoint above the table to create

the scene point cloud.
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Figure 3.3: Examples for our large-scale synthetic dataset, for the grasping (top)
and placing (bottom) tasks respectively. Objects are randomly sampled from
ACRONYM [21]. Each scene can contain up to 15 objects, which creates many
very cluttered scenes. We also include robot in the observation to simulate realistic
occlusion by the robot arm.

We procedurally generated a large-scale synthetic dataset for training M2T2, as

shown in Fig 3.3. In each scene, we randomly place 1-15 objects from the ACRONYM

dataset [21] on the table. Each object in ACRONYM are labeled with 2000 grasps.

We transform these grasps by the object pose and filter out colliding ones. The

camera pose is randomized around the entire hemisphere above the table, making

M2T2 very robust to viewpoint changes.

3.5 Experimental Evaluation

3.5.1 Evaluation in Simulation

Evaluation Metric: We use the precision-coverage curve as the metric for our

evaluation in simulation. To plot this curve, we start with a confidence threshold of 1

and incrementally lower the confidence threshold until 0.5, adding grasps/placements

to the set of predictions. During this process, we track two key metrics: precision,

defined as the percentage of successful grasps/placements, and coverage, defined
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(a) Grasping Seen (b) Grasping Unseen

(c) Placing Seen (d) Placing Unseen

Figure 3.4: M2T2 outperforms task-specific models – Contact-GraspNet [85] for
grasping and CabiNet [61] for placing – on objects from seen categories (a,c) and
unseen categories (b,d).
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(a) Against pick-only (b) Against place-only (c) ADD-S weight

(d) Number of tokens (e) Discrete rotation (f) Hard negative mining

Figure 3.5: Ablation studies

as the percentage of ground truth grasps/placements that are within 5 cm of any

predicted pose. The coverage is plotted on the x-axis and precision on the y-axis.

In practice, we have found that this curve serves as a reliable indicator of a model’s

performance in real-world scenarios.

A grasp is deemed successful if the gripper does not collide with the scene (including

occluded parts) and the grasp remains stable. We evaluate the stability of a grasp by

shaking the grasped object for 5 seconds in the Isaac Gym simulator [51] using the

PhysX physics engine, following the evaluation protocol used in ACRONYM [21]. A

placement is considered successful if both the gripper and the object are collision-free

and the bottom of the object is less than 5 cm from the correct placement surface.

M2T2 vs. Specialized Baseline Models: We compare M2T2 against two state-

of-the-art specialized models: Contact-GraspNet [85] for grasping and CabiNet [61]

for placing. The results, summarized in Fig. 3.4, show that M2T2 outperforms both

models by a significant margin, especially in the placement task. This demonstrates

the advantage of M2T2’s orientation reasoning for placement. In many scenarios,

achieving a good placement pose requires rotating the object in hand, which M2T2
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handles more effectively than the specialized models.

3.5.2 Ablations

Comparison Against Single-task Model: We have trained our model to only

perform a single task. These task-specialized models are worse than our multi-task

model (see Fig. 3.5a, 3.5b). This shows the importance to formulate both picking

and placing under the same framework.

Choice of ADD-S: We find that assigning a larger weight to the ADD-S loss

significantly impacts grasping performance. As shown in Fig. 3.5c, reducing the

ADD-S weight increases grasp coverage but at the expense of precision, which is not

desirable.

Number of Grasp Queries: We experimented with different numbers of grasp

query tokens and found 100 to be an optimal number. The results, illustrated in

Fig. 3.5d, support this finding.

Discrete vs. Continuous Rotation: We compared our model with a variant

where only a single placement mask is used, and placement rotations are regressed

similarly to the grasp parameters. Fig. 3.5e demonstrates that having a set of

placement masks corresponding to discrete rotations is more effective. Since multiple

orientations of an object can be valid for a given placement location, regressing to a

single rotation fails to capture the multi-modality of placement orientations.

Importance of Hard Negative Mining: We employ hard negative mining by

applying the mask loss to the 1024 points with the largest loss. Without this technique,

the quality of the most confident placements deteriorates significantly, as shown in

Fig. 3.5f.

3.6 Limitations

M2T2’s performance is constrained by the visibility of contact points. For instance,

it cannot predict grasps on the side of a box that is not visible to the camera. M2T2
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also cannot directly predict actions without contact points, such as lifting. During

placing, M2T2 requires segmentation of the object in the gripper to estimate the

distance between the gripper and the contact point on the placement surface. Grasp

predictions for each token can sometimes be spread across multiple objects in close

proximity. Currently, M2T2 is trained and evaluated only on tabletop scenes; however,

this could be enhanced by training with more diverse procedurally generated synthetic

data as in [25, 61].

3.7 Summary

In this paper, we present Multi-Task Masked Transformer (M2T2), an object-centric

transformer model for picking and placing unknown objects in cluttered environments.

We train M2T2 on a large-scale synthetic dataset of 130K scenes and deploy it on a real

robot without using any real-world training data. M2T2 outperforms state-of-the-art

specialized models in 6-DoF grasping [85] and placing [61], achieving an approximately

19% higher overall success rate in real-world scenarios. M2T2 is particularly adept

at re-orienting objects for precise, collision-free placements. In future work, we

plan to integrate M2T2 with language-conditioned task planners [44, 80] to develop

an open-world manipulation system capable of operating in everyday scenes with

out-of-distribution objects.
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Chapter 4

RoboPoint: A Vision-Language

Model for Spatial Affordance

Prediction

Spatial reasoning is fundamental to all intellectual processes [89]. Beyond its impor-

tance in understanding geometry, science, and architecture [86], spatial reasoning

significantly impacts our everyday lives. Even mundane tasks, such as purchasing

groceries, require us to identify the vacant space in our shopping carts to load more

items. One critical mechanism through which we communicate plans that involve

navigation and manipulation is by pointing. Studies in developmental psychology

demonstrate that infants and adults alike point to share information about their

environment [88]. In robotics, pointing has been operationalized through waypoints

for navigation and task execution. Roboticists have found that when robots use

waypoints effectively, it mimics human pointing, leading to more intuitive plans [18].

Recent explorations have shifted away from pointing in favor of language instruc-

tions with the advent of large vision-language models (VLMs)[1, 3, 48]. Trained on

large datasets of images and language, VLMs can provide powerful visual semantic

understanding and useful guidance for robotic tasks, such as identifying which object

a manipulator should pick up or which goal a mobile robot should reach[2, 45, 81].

However, language alone is not precise enough to successfully guide robot behavior.

Even the most recent and powerful VLMs, such as GPT-4o [64], have limited accuracy
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RoboPointManipulation
Place the pink toy within the 
front right part of the pizza box.

[(0.600, 0.856), (0.617, 0.856)]

Manipulate

Navigation
Navigate to the empty space
in front of the chair on the left.

RoboPoint

User

[(0.325, 0.758), (0.308, 0.754),
(0.344, 0.752), (0.336, 0.773)]

Navigate

AR Assistance

RoboPoint

User

To the left of the leftmost car. 
[(0.417, 0.615), (0.384, 0.613), (0.400, 0.623),
(0.367, 0.615)]

Steer

How to get on the carpool lane?

RoboPoint

User

Figure 4.1: RoboPoint is a Vision-Language Model that predicts affordance
points based on language instructions. It is able to generate precise actions (red
crosses in the image) which satisfy spatial relations in the instruction. RoboPoint is a
generic VLM that can be applied to many domains such as manipulation, augmented
reality and navigation.
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in real robot execution, especially when language commands involve spatial relations

to identify objects or object-free locations, such as “place the cup next to the plate.”

In this chapter, we introduce RoboPoint, an open-source VLM instruction-tuned

to point. Specifically, the instruction tuning process fine-tunes a pre-trained language

model to perform spatial affordance prediction, the task of pointing at where to

act according to language instructions. Two key features differentiate RoboPoint

from other VLMs for robotics: a point-based action space and a scalable data

pipeline. First, inspired by prior works [28, 57, 78], actions are specified via points

in the RGB image and then transformed to 3D using depth information, eliminating

the need for predefined action primitives [45, 81], external object detectors [36, 46],

or iterative visual prompting [63]. Second, we design a fully autonomous pipeline that

generates a large, diverse dataset of ground truth action points by computing spatial

relations from the camera’s perspective and sampling points within object masks and

object-surface intersections. Compared to approaches that require expensive human

demonstration data [5, 87], our pipeline is much easier to scale. Even though we only

added data containing simulated images along with templated language, the resulting

model’s performance improves on real images with natural language commands.

Our results show that RoboPoint significantly outperforms various powerful VLMs

such as GPT-4o [64], LLaVA-NeXT [49], Qwen-VL [3], and SpatialVLM [10] on tasks

involving relational object reference, free space reference, and object rearrangement

in cluttered, real-world environments, without losing accuracy on standard visual

question answering (VQA) benchmarks. To evaluate relational free space reference,

we collect Where2Place, a manually annotated, challenging real-world benchmark. We

also show promising results beyond robotic applications in an interactive augmented

reality (AR) setting, where RoboPoint provides visual action suggestions, effectively

guiding users through tasks by predicting target points based on common sense.

4.1 The RoboPoint Pipeline

RoboPoint is instruction-tuned from Vicuna-v1.5-13B [12] using a combination of

synthetic and real-world data for spatial affordance prediction. This section will

cover three critical aspects of the tuning pipeline: 1) the problem formulation, 2) the

instruction tuning procedure, and 3) the curation of the data mix.
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Figure 4.2: Overview of RoboPoint pipeline. An RGB image is rendered from a
procedurally generated 3D scene. We compute spatial relations from the camera’s
perspective and generate affordances by sampling points within object masks and
object-surface intersections. These instruction-point pairs fine-tune the language
model. During deployment, RoboPoint predicts 2D action points from an image
and instruction, which are projected into 3D using a depth map. The robot then
navigates to these 3D targets with a motion planner.
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4.1.1 Spatial Affordance Prediction

We formulate the problem of spatial affordance prediction as predicting a set of

target point coordinates (x0, y0), (x1, y1), . . . , (xn, yn) in image space that satisfy the

relations indicated by a language prompt. This formulation has several advantages.

First, compared to fuzzy language actions such as ”place the apple in the drawer,”

which require detecting the apple and drawer before execution, a point prediction

is much more precise and can be directly converted to actions. Most VLMs are

trained to predict bounding boxes. However, as shown in Fig. 4.3, bounding boxes

often include a lot of undesirable clutter due to camera perspective and are not as

specific as point outputs. Second, our formulation is general enough to enable various

robotic tasks. For example, the predicted points can be interpreted as waypoints

for navigation, contact points for grasping, or region proposals for placement. This

versatility allows the model to perform multiple tasks and means it can be trained

with multi-task data. Finally, the spatial relations in the language instruction force

the model to perform reasoning rather than relying solely on visual features. Half of

our synthetic dataset contains examples where the target points are in empty regions

without distinct visual cues, ensuring the model cannot rely only on visual features

distinct from the background.

4.1.2 Instruction Fine-tuning

Min et al. [56] has shown that in-context learning [7] works by activating patterns

from the training data rather than learning new tasks. Therefore, instead of mining

patterns from the non-public training dataset, we build our own dataset and fine-

tune the language model’s parameters. Specifically, we follow the instruction tuning

pipeline outlined in Liu et al. [48]. As shown in Fig. 4.2, the model consists of an image

encoder, an MLP projector, a language tokenizer, and a transformer language model.

The image encoder processes the image into a set of tokens, which are then projected

by a 2-layer MLP into the same space as the language tokens. The multimodal tokens

are concatenated and passed through the language transformer. All modules are

initialized with pre-trained weights, but only the projector and transformer weights

are updated, while the vision encoder and tokenizer weights are frozen. The model

is autoregressive, and the objective is to predict the response tokens and a special
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token delineating the boundary between instruction and response. Our results show

that our instruction-tuned model achieves much higher precision than baselines using

in-context learning [10, 63].

4.1.3 Co-finetuning with Synthetic Data

Providing the appropriate mix of data is crucial to the model’s performance on

downstream tasks. As observed by Brohan et al. [6], co-training with a mix of robotic

data and internet data ensures the model does not forget the knowledge it has learned

during pre-training. Our dataset for fine-tuning consists of four different sources,

as illustrated in Table 4.1. The VQA data is a mix of 665K conversations from

[47], where the model is asked to answer questions in natural language based on

the input image. This ensures the model can reason in language. The LVIS data is

converted from [30], where the model is asked to predict bounding box center and

dimensions for all instances of a certain category. This teaches the model how to

ground language to image regions. The last two data sources, object reference and

free space reference, are from our synthetic data pipeline, where the objective is to

identify points on an object or in a vacant region that satisfy certain spatial relations.

These data enable the VLM to generate precise action points. We formulate the

different data sources into the same format and co-train with all of them. Table 4.5

evaluates the importance of each component in our data mix. Notably, VLMs are

surprisingly good at combining knowledge learned from different data sources. For

example, although our synthetic data uses visual markers to indicate reference objects

for spatial affordance prediction, our model can perform the task on real data without

markers.

4.2 The RoboPoint Dataset

We generate a diverse dataset in simulation by procedurizing scene layouts, objects,

and camera viewpoints. A novel aspect of our pipeline is generating affordance in

free space, allowing the model to detect regions without distinct visual cues.
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Source Object Reference Free Space Reference VQA LVIS

Quantity 347K 320K 665K 100K

Query Locate several points
on an item situated
beneath the bordered
item.

Find some spots within
the vacant space
situated between the
marked items.

What is the person
feeding the cat?

Find all instances of
cushions.

Answer [(0.56, 0.69), (0.53,
0.76), (0.45, 0.72), ...]

[(0.57, 0.48), (0.58,
0.49), (0.56, 0.45), ...]

The person is feeding
an apple to the cat.

[(0.49, 0.38, 0.08, 0.06),
(0.53, 0.42, 0.07, 0.05)]

Table 4.1: Our dataset for instruction-tuning combines object and space reference
data with VQA [47] and object detection data [30]. RoboPoint leverages spatial
reasoning, object detection, and affordance prediction from these diverse sources,
enabling it to generalize combinatorially. Some answers are not shown in full due to
space.

4.2.1 Procedural Scene Generation in Simulation

To train RoboPoint, we generate a large photorealistic dataset in simulation annotated

with affordance points. Most existing robotics datasets [20, 53, 76, 91] only have a

handful of fixed artist-designed scene layouts, which limits the types of relations that

can be generated. We create a diverse dataset by procedurally randomizing several

aspects of the scene: the 3D layouts, objects, and camera viewpoints. The scene

is represented as an articulated body, including revolute (e.g., fridge, dishwasher

doors) and prismatic joints (e.g., cabinet drawers). Objects are sampled from a

large repository [21] with over 8K instances and 262 categories. The objects can be

placed on any support surface, allowing our model to learn relations in a truly 3D

environment.

To ensure that our model generalizes to everyday indoor scenes, we sample assets

commonly found in typical kitchen environments (e.g., dishwasher, hood, table, fridge)

and use heuristics to place them in random but semantically meaningful layouts. Once

the furniture assets are added to the scene, we use a large object dataset sampled

from ACRONYM [21]. Object positions are randomly sampled on support surfaces

(e.g., countertops, tables), and their orientations are determined by their stable poses.

Poses resulting in object collisions with the existing scene are rejected. We place
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cameras randomly in the scene and select those with at least three visible objects

(visibility is defined as having more than 100 points within the segmentation mask)

and at least one valid relationship between a pair of visible objects. The diverse

view distribution allows RoboPoint to maintain consistent predictions across different

viewpoints. Around 660K (image, relation) pairs are generated from 10K scenes.

4.2.2 Generating Affordance

Once the 3D scene is created, we compute spatial relations among the objects and

render an image for each relation from a diverse set of viewpoints in parallel. The

relations include left, right, in front, behind, above, below, next to, and in between

objects; on, on the left, right, front, and back parts of a surface; and inside a

container. Although these relations are templated, the model fine-tuned on this data

can generalize to new types of relations. For each relation, there is a target object

plus one or two reference objects. We generate two data instances for each relation,

one for object reference and one for free space reference.

For object reference, the ground truth is a set of points sampled within the mask of

the target object. We then remove the target object and re-render the image for free

space reference. The ground truth for free space reference consists of points sampled

within the mask of the supporting surface of the target object in the re-rendered

image with the target object removed. Instances where the supporting surface is

not visible due to occlusion are filtered out. We use furthest point sampling starting

from a random point in the mask, resulting in 1 to 50 ground truth points sampled

per instance. These sampled points are converted to a list of image coordinates

normalized between 0 and 1, which serve as the ground truth response.

A key novelty in our data pipeline is generating affordance in free space. This

allows RoboPoint to detect regions without distinct visual cues, such as “the left part

of the pizza box” in Fig. 4.5, which an off-the-shelf object detector cannot detect. We

employ a simple yet effective strategy: we first compute relations between a target

object and another object or surface, then remove the target object, re-render the

image, and sample points inside the intersection of the target object’s mesh and

the supporting surface. This creates affordance labels in free space relative to other

entities in the scene.
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One caveat of these procedurally generated scenes is that the objects do not have

rich text descriptions; most objects only have a category name. We address this by

adding visual prompts to the rendered images. Specifically, we draw colored bounding

boxes around the objects referenced in the language instruction. Thus, a typical

instruction in the synthetic data might be: “There is an object surrounded by a red

rectangle in the image. Find some places in the free area to the left of the marked

object.” Note that we do not add these visual prompts during testing and therefore

do not require object detection. The idea is that the model learns to detect objects

from other data sources (e.g., LVIS [30]), and it focuses on relational reasoning when

dealing with the object and space reference data.

Table 4.2 shows more examples from our procedurally generated synthetic dataset

for object reference and free space reference.

4.3 Experimental Results

We demonstrate that RoboPoint achieves superior accuracy in spatial affordance

prediction and real-world language-conditioned manipulation than state-of-the-art

VLMs [49, 64] and visual prompting methods [10, 63]. Its viewpoint-consistent

prediction and conversational ability also enables application to navigation and

augmented reality.

4.3.1 Spatial Affordance Prediction

RoboPoint significantly outperforms baselines in terms of accuracy on pointing to

objects and free space referred by language. In addition, it generalizes to novel

relation types, respects physical constraints, maintains common sense knowledge and

produces view-consistent predictions.

Benchmarks We evaluate spatial affordance prediction on two problems: object

reference and free space reference. The object reference data is a 750-image subset

of RoboRefIt [50]. Unlike human-centered dataset such as RefCoco [97], RoboRefIt

features cluttered images with similar-looking objects that can only be distinguished

by relational references.
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Relation Between Inside

Prompt In the image, there is an item
framed by a red rectangle and an-
other item encased within a green
rectangle. Locate several points
upon the item situated between the
two highlighted items.

The image depicts a container de-
lineated by a red rectangular bor-
der. Pinpoint several spots within
the vacant area enclosed by the out-
lined container.

Relation Right On left part

Prompt The image features an object out-
lined by a red rectangle. Locate
several points on an item that is
situated on the right side of the
marked item.

The image showcases an area de-
marcated by a red rectangle. Lo-
cate a few points within a vacant
area on the left side of the marked
surface.

Table 4.2: Examples from the synthetic dataset used to teach RoboPoint relational
object reference and free space reference. The red and ground boxes are visual
prompts to indicate reference objects and the cyan dots are the visualized ground
truth (not included in the image inputs to the model).
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(a) pepsi can on the middle shelf (b) on the rightmost white plate

Figure 4.3: Visualization of spatial affordance prediction on objects and
free space. RoboPoint can generalize to (a) unseen relations and (b) scenarios with
physical constraints.

Unlike object reference, no existing dataset addresses identifying free space. There-

fore, we collect Where2Place, a dataset of 100 real-world images from homes and

offices in the wild. To minimize bias, we ask one group to label each image with an in-

struction describing a vacant region relative to other entities, and a different group to

label masks according to the instruction. As shown in Fig. 4.3, Where2Place features

diverse and challenging scenes with clutter. A subset of 30 examples (Where2Place

(h)) contain relation types not in our synthetic data.

Baselines We compare RoboPoint against 3 state-of-the-art VLMs, Qwen-VL

[3], LLaVA-NeXT [49], GPT-4o [64] as well as SpaceLLaVa [72], a community

implementation of SpatialVLM [10]. We employ a zero-shot visual prompting strategy

effective for pretrained VLMs. We label the input image with axes indicating its

dimensions and ask the model to output a bounding box (top-left and bottom-right

corners) of the target object/region, then sample evenly within the bounding box.

For GPT-4o, we also tested in-context learning (GPT-4o-ICL) by providing 14 input-

output pairs from our synthetic dataset as context before the query. In-context

learning achieved zero accuracy for Qwen-VL and LLaVA-Next, likely because point

outputs were not part of their training data.
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RoboRefIt Where2Place Where2Place (h)

Qwen-VL 24.08± 0.85 10.49± 0.77 9.90± 0.22
LLaVA-NeXT-34B 19.91± 0.92 15.02± 0.88 14.76± 2.42

SpaceLLaVA 21.30± 0.87 11.84± 0.73 12.10± 1.36
GPT-4o 15.28± 1.27 29.06± 1.33 27.14± 1.47

GPT-4o-ICL 9.01± 6.45 14.46± 6.38 14.83± 4.68
RoboPoint 49.82± 0.52 46.77± 0.45 44.48± 1.35

Table 4.3: Quantitative comparisons on object reference (RoboRefIt) and
free space reference (Where2Place). RoboPoint outperforms state-of-the-art
VLMs by a significant margin, even on examples where the spatial relations are
unseen during fine-tuning (Where2Place (h)). The metric is percentage of predicted
points within the target mask.

LLaVA-13B RoboPoint

GQA 63.24 63.28
MME 1522.59 1524.78
POPE 85.92 86.01
RefCoco 31.99 32.16
SEED 67.06 67.52

TextVQA 48.73 47.31
VizWiz 56.65 60.37
VQA-v2 78.26 77.83

Table 4.4: Quantitative evaluation on standard VQA benchmarks. RoboPoint
performs on par with state-of-the-art VLM, maintaining the common sense knowledge
learned from pretraining.

No VQA No LVIS No Object Ref No Space Ref 10% Data All

28.28± 2.08 34.27± 0.62 42.23± 2.28 13.21± 1.04 15.71± 0.77 46.77± 0.45

Table 4.5: Ablation on the data composition. Results on Where2Place show
that best results are achieved when all of the data sources are combined during
instruction-tuning.
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Figure 4.4: RoboPoint’s prediction is consistent across different viewpoints.
Red cross shows RoboPoint’s response to “find free space right of the blue cup” in
different views.

Results In Table 4.3, we report the average prediction accuracy for RoboPoint and

the baselines along with standard deviation computed from 3 different runs. The

accuracy is calculated as the percentage of predicted points within the ground truth

target mask. We can see that RoboPoint achieves significantly higher accuracy than

all baselines, demonstrating the power of RoboPoint in spatial reasoning and precise

target generation. Some results are visualized in Fig. 4.3.

Does RoboPoint generalize to unseen relation types? The synthetic dataset

we constructed contains templated language and a fixed set of relations. Nevertheless,

RoboPoint is able to produce accurate predictions for novel relation types such as in

the middle, rightmost etc. that are not in the fine-tuning dataset (Fig. 4.3a). It is

also able to maintain its advantage over baselines on these novel relations (Table 4.3).

Does RoboPoint respect physical constraints? RoboPoint’s outputs not only

satisfy the spatial relations but also respect physical constraints. The target points

generated by RoboPoint avoid obstacles such as the the bowl in Fig. 4.3b, whereas

the baselines fail to do so.

Does RoboPoint keep common sense knowledge? We evaluate RoboPoint’s

performance on VQA benchmarks and summarize the results in Table 4.4. RoboPoint

performs on-par with LLaVA-v1.5-13B [47], a VLM trained on the same pre-trained

weights as RoboPoint on VQA data. This shown that RoboPoint serves a generic

VLM rather than a domain-specific model.
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Qwen-VL GPT-4V PIVOT RoboPoint

inside cup 3 / 10 4 / 10 1 / 10 6 / 10
plate ↔ bowl 2 / 10 1 / 10 1 / 10 7 / 10
plate ↔ cup 1 / 10 1 / 10 0 / 10 5 / 10
below pepper 0 / 10 4 / 10 2 / 10 8 / 10
above toy 1 / 10 2 / 10 2 / 10 5 / 10

inside left part 2 / 10 1 / 10 1 / 10 4 / 10
inside right part 2 / 10 0 / 10 0 / 10 6 / 10

Figure 4.5: Real-world manipulation evaluation. We created 7 language-
conditioned manipulation tasks to measure RoboPoint’s capability on real robot.
RoboPoint outperforms the best baseline by 39.5% on average success rate, which
depends critically on the alignment between the point predictions and the language.
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How important is each component in the data mix? In Table 4.5, we evaluated

the importance of each data component on the Where2Place benchmark. Each data

component – VQA on real images, object detection from LVIS, object and free space

reference on synthetic images – significantly contributes to overall accuracy. This

highlights the value of a general problem formulation that incorporates diverse data

sources. Additionally, data quantity is crucial, as the model’s performance drops

significantly when fine-tuned on only 10% of the data.

Are RoboPoint’s predictions consistent across views? As shown in Fig. 4.4,

RoboPoint maintains consistent predictions with camera movement. This makes

it particularly suitable for mobile platforms and AR, where RoboPoint provides

consistent action suggestions with moving cameras.

4.3.2 Downstream Applications

To assess RoboPoint’s capabilities on downstream robotics and vision tasks, we curated

various scenarios for manipulation, navigation and AR assistance. We demonstrate

RoboPoint’s superior performance against state-of-the-art baselines on these tasks.

Real-World Manipulation We set up 3 manipulation environments with 7 tasks

(Fig. 4.5). The robot processes image observations and language commands through

RoboPoint, which returns 2D point targets. These targets are converted to 3D points

using a depth map. The robot’s end-effector pose is computed from these 3D points

plus an offset. A motion planner then executes the trajectory to the target pose.

Success is determined by collision-free execution and accurate placement of the target

object as per the language instruction. We conducted 10 trials per task and compared

RoboPoint against zero-shot VLMs like Qwen-VL [3] and GPT-4V [1], as well as

iterative prompting methods such as PIVOT [63]. RoboPoint surpasses GPT-4V,

the best-performing baseline, by a margin of 39.5% on average success rate. It also

enables new capabilities. For instance, in the packing scene, RoboPoint’s relational

reasoning allowed the robot to differentiate regions within a pizza box, fitting multiple

objects accurately.
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GPT-4V PIVOT RoboPoint

left grill 0 / 5 2 / 5 5 / 5
front grill 0 / 5 3 / 5 5 / 5
right grill 0 / 5 2 / 5 5 / 5

left of left cup 0 / 5 3 / 5 5 / 5
right cup 0 / 5 4 / 5 5 / 5

fridge ↔ oven 0 / 5 3 / 5 1 / 5
oven ↔ drawer 0 / 5 2 / 5 1 / 5

Figure 4.6: Application to navigation. RoboPoint predicts accurate goal point
based on language, leading to higher target reaching rate than GPT-4V and PIVOT.
Ground truths are drawn as colored masks and predictions are drawn as colored
spheres.

Figure 4.7: Application to Augmented Reality. Given a user query, RoboPoint
first generates natural language response using common sense and then provide visual
guidance using spatial affordance prediction, which the user can execute with greater
ease than language guidance.
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Navigation To evaluate RoboPoint’s spatial affordance predictions beyond tabletop

scenarios, we created 3 room scenes using the YouBot mobile manipulation platform

in CoppeliaSim [73], where the robot is tasked to navigate to a target region with

respect to certain entities in the scene. Fig. 4.6 shows the distribution of affordance

generated by RoboPoint, PIVOT [63] and GPT-4V [1] and the success rate of

navigating to the correct region using the predicted points with a simple path planner.

RoboPoint outperforms PIVOT and GPT-4V in 2 out of 3 scenarios, demonstrating

its effectiveness in large-scale room environments for navigation.

Augmented Reality RoboPoint, which is co-trained with VQA data, retains

conversational capabilities in natural language. As demonstrated in Fig. 4.1, users

can interact with RoboPoint through language and receive action suggestions visually

with the predicted affordance. In addition to the set a formal dining table task in

Fig. 4.1. We demonstrate two more real-world scenarios-win tic-tac-toe and get to

carpool lane-in Fig. 4.7, where RoboPoint gives visual guidance to solve the tasks by

predicting the correct spatial affordance points.

4.3.3 Part Affordance Prediction

RoboPoint can also be applied zero-shot to locate object parts based on their function

(affordance). Fig. 4.8 shows some examples. (a) is from ManipVQA [35] and (b) is

from AffordanceLLM [69].

4.3.4 Failure Mode Analysis

Fig. 4.9 provides additional qualitative comparisons of RoboPoint against baselines

on RoboRefIt [50] and Where2Place. It also highlights two common failure modes.

First, RoboPoint may fail to detect the correct reference object amidst challenging

distractors. As seen in Fig. 4.9e, RoboPoint mistakes the black case for the black

lid and incorrectly outputs points between the airpods and the black case. Second,

RoboPoint may produce points that meet spatial relations but lack common sense,

such as in Fig. 4.9f, where it places points “underneath the monitors” on the floor

instead of on the table where a human would logically place them.
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(a) Find points on the handle of the power drill. (b) Locate places to sit on the motorcycle.

Figure 4.8: Some examples on part-based affordance prediction from (a) Ma-
nipVQA [35] and (b) AffordanceLLM [69].

4.4 Limitations

RoboPoint currently does not provide confidence estimates for its point predictions,

which can be crucial for assessing the reliability of the suggested actions. Additionally,

the number of output points is not controllable, which may limit the flexibility required

for specific tasks. Moreover, the predicted points do not include directional information

for actions, which could be particularly useful when manipulating articulated objects,

as explored in recent works [34, 99]. These are valuable directions to explore in future

work to enhance RoboPoint’s capabilities.

4.5 Summary

We introduce RoboPoint, a novel Vision-Language Model (VLM) designed to predict

spatial affordances in images based on relational language instructions. By integrating

real-world Visual Question Answering (VQA) data with automatically generated

synthetic data, RoboPoint can generate precise action points that adhere to spatial

and physical constraints. This approach overcomes the limitations of current VLMs

in robotics, which often depend on pre-defined motion primitives or large-scale expert

demonstrations. Experimental results demonstrate RoboPoint’s superior performance
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(a) dinosaur model on the left (b) dinosaur model at the bottom

(c) to the right of the books (d) on the stair in the middle

(e) between AirPods and the black lid (f) underneath the monitors

Figure 4.9: Qualitative results on RoboRefIt (a, b) and Where2Place (c, d, e, f),
including cases with relations unseen during training (d, f) and where GPT-4o
performs better (e, f).

61



4. RoboPoint: A Vision-Language Model for Spatial Affordance Prediction

in complex tasks, such as relational free space reference and object rearrangement

in cluttered environments, compared to state-of-the-art methods. Furthermore,

RoboPoint’s versatility extends its applicability to augmented reality and robot

navigation, showcasing its potential for broader applications in robotics.

62



Chapter 5

Conclusion

In this dissertation, we presented three innovative models—SORNet, M2T2, and

RoboPoint—each addressing different challenges in robotics and computer vision

by leveraging advanced spatial reasoning, multi-task learning, and vision-language

integration.

SORNet (Spatial Object-Centric Representation Network) focuses on

extracting object-centric embeddings from RGB images, enabling precise spatial rea-

soning for tasks such as spatial relation classification, skill precondition classification,

and relative direction regression. SORNet’s ability to generalize to novel objects in

zero-shot scenarios highlights its robustness and adaptability, making it a valuable

tool for complex robotic manipulation tasks.

M2T2 (Multi-Task Masked Transformer) offers a unified solution for handling

diverse action primitives in cluttered environments. By predicting collision-free

gripper poses for 6-DoF grasping and placing, M2T2 eliminates the need for multiple

specialized models. Its superior performance, particularly in re-orienting objects for

precise placement, demonstrates the effectiveness of this model in real-world robotic

applications. M2T2’s success in simulation and real-world deployment underscores

the potential of multi-task learning for improving robotic manipulation.

RoboPoint introduces a novel approach to predicting spatial affordances in

images based on relational language instructions. By instruction-tuning a vision-

language model and integrating a mix of real-world and synthetic data, RoboPoint

excels in generating precise action points that satisfy spatial and physical constraints.

63



5. Conclusion

Its versatility extends beyond robotic manipulation to applications in augmented

reality and navigation, positioning RoboPoint as a powerful tool for a wide range of

tasks in robotics and beyond.

Collectively, these models demonstrate significant advancements in the ability

to understand and act upon complex spatial relationships in diverse environments.

Each model addresses critical gaps in current methodologies, offering new capabilities

that enhance the precision, adaptability, and generalization of robotic systems. As

we continue to explore these technologies, future work will focus on expanding the

models’ abilities, such as providing confidence estimates, integrating directional cues,

and scaling to even more diverse environments and tasks. The combined potential of

SORNet, M2T2, and RoboPoint marks a substantial step forward in the development

of intelligent, versatile, and autonomous robotic systems.

5.1 Future Work

The advancements presented in SORNet, M2T2, and RoboPoint illustrate the potential

of achieving out-of-distribution generalization through carefully designed object and

action representations for learning. However, to build a GPT-like foundation model

for robotics that can truly operate in the open world, several challenges remain,

particularly in the realm of data collection and model scaling.

Scaling Data Collection A critical aspect of advancing these models is scaling

up data collection, particularly in terms of diversity. As we aim to generalize

robotic systems to a wide range of environments, it becomes essential to gather

data from diverse settings. A mobile platform, combined with capable robotic arms,

is indispensable for this purpose. Mobility allows the robot to navigate various

environments, while manipulation enables it to interact with those environments in

meaningful ways. However, collecting real-world data on a large scale is resource-

intensive and costly.

An alternative approach is to leverage video generation models, which are be-

coming increasingly sophisticated. For example, models like Luma’s Dream Machine

are beginning to show promise in generating high-quality, albeit imperfect, synthetic

data. Despite some inconsistencies—such as objects disappearing or changing unex-
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pectedly—these models offer a glimpse into the potential for creating diverse and

extensive datasets at a fraction of the cost of real-world data collection. As video gen-

eration technology continues to improve, it could play a pivotal role in supplementing

real-world data, enabling more scalable and diverse training datasets.

Moving Towards End-to-End Models With access to diverse, large-scale data,

the next step is to explore the replacement of traditional hierarchical robotic systems

with end-to-end models. While end-to-end models have shown promise, there are still

areas where they fall behind traditional systems, particularly in terms of reliability,

precision, and handling complex, multi-step tasks. However, with the right problem

formulation, careful data curation, and increased scale, these challenges could be

addressed.

By focusing on scaling data diversity and harnessing the power of end-to-end

learning, future work can bridge the gap between current capabilities and the goal

of developing a truly open-world, autonomous robotic system. The integration of

mobility and manipulation, along with advances in synthetic data generation, will be

crucial in this journey. As we continue to push the boundaries, we remain optimistic

that the challenges of today can be overcome, paving the way for a new era of robotics

powered by scalable, adaptable, and intelligent models.
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