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Abstract

Recent years have seen increasing interest in developing robots that are capable
of lifelong and reliable operations around humans in home and factory environments.
Despite impressive recent progress towards long-horizon tasks such as laundry fold-
ing, current efforts are predominantly focused on quasi-static tasks in very structured
settings. General-purpose robots that assist humans in daily tasks should be capable
of performing a wider range of dynamic and dexterous tasks in unstructured environ-
ments, safely interact with humans and their environment, and effectively learn from
and adapt to new experiences.

One promising approach to building robots capable of assistive lifelong opera-
tions is to endow them with three core capabilities: a metric, semantic, and temporal
(memory) understanding of the world, the ability to perform long-horizon reasoning
and planning, and the capacity to execute real-time, closed-loop policies that are dex-
terous, reactive, and safe in dynamic environments. Such an approach necessitates
bridging a fundamental gap in the field. On one hand, traditional approaches based on
classical control can provide strong guarantees for safety and optimality for real-time
reactive control of dynamic tasks; however, they often rely on low-dimensional, fully
observable states and often lack semantic awareness. In contrast, recent advances in
vision-language-action models capture rich world semantics and generalize to novel
settings, but are typically limited to quasi-static tasks and do not explicitly handle
safety or adapt to dynamic changes in real time. The goal of this thesis work is to
bridge this gap by exploring methods at the intersection of modern control theory,
robot learning, and multimodal foundation models, with the goal of learning general-
izable and safety-aware robot policies capable of performing complex, dynamic, and
interactive tasks in unstructured environments.

Towards this goal, this thesis explores various approaches for leveraging strong
structural, algorithmic and semantic priors that can enable both generalization as
well as real-time reactive control of dynamic tasks. Our works (1; 2) focus on learn-
ing to perform dynamic pickup tasks using dynamic-Graph Neural Networks (GNNs)
as structural priors and differentiable control algorithms (iLQR) as algorithmic priors
for learning compositional skills that operate over multiple dynamic modes as well as
generalize to complex environments and novel goals. (1) introduces a framework for
learning differentiable optimal skills (LQR) for switching linear dynamical systems
from expert demonstrations. The resulting control scheme predicts and accounts
for discontinuities due to contact, reacts to unanticipated contact events and gen-
eralizes to novel goal conditions and skill compositions. (2) extends this framework
to non-linear multibody interactive systems by learning stable locally linear dynam-
ics models using dynamic-GNNs, which enables generalization to novel number of



objects and interactions unseen during training. MResT (3) combines the seman-
tic reasoning capabilities of pre-trained frozen vision-language models (used at low
frequency), with the adaptiveness of fine-tuned smaller networks (used at high fre-
quency), to enable zero-shot generalization to semantic scene variations as well as real-
time closed-loop control of precise and dynamic tasks. This work focuses on learning
generalizable multi-task policies using multi-resolution sensing in table-top settings
for short-horizon tasks. GraphEQA(4), considers the long-horizon task of embodied
question answering in large unseen indoor environments. GraphEQA, in real-time,
constructs a multi-modal memory comprising a real-time 3D metric-semantic scene
graph and task-relevant images, for grounding a VLM-based hierarchical planner to
perform situated and semantically-informed long-horizon exploration and planning.
Finally, VLTSafe (5) combines the semantic safety reasoning capabilities of large pre-
trained VLMs with safety guarantees of low-level reachability-based RL policies to
enable safe control of dynamic tasks in cluttered environments. This approach uses
a VLM for identifying relevant task- and safety constraints which inform pretrained
parameterized reachability-based RL policies during execution.

This thesis takes a step towards the development of generalist embodied agents
that integrate the semantic understanding and generalizability of multimodal founda-
tion models with robust, closed-loop control policies that ensure efficiency, dexterity
and safety and opens new avenues for future research in scalable, safe, and generaliz-
able robot learning.
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1 Introduction

1.1 Motivation
Robotic systems have the potential to greatly improve human quality of life by as-

sisting in hazardous and caregiving settings. In hospitals and homes, assistive robots
can reduce the burden on caregivers by helping with patient monitoring, mobility,
and routine tasks for the elderly. In industrial settings such as mines, nuclear facili-
ties, and chemical plants, robots can take on physically demanding or high-risk tasks,
improving both safety and operational efficiency. This thesis takes a step towards
the long-term goal of building general-purpose robots capable of lifelong and reliable
operations in open-world settings and capable of safe collaboration with humans in
assistive and caregiving roles.

1.1.1 Bridging the Generality-Reactivity gap
Despite impressive progress towards developing eneralist embodied agents (6; 7; 8)

that can perform long-horizon tasks – such as folding laundry, loading dishwashers,
or assembling simple meals – these approaches are often limited to quasi-static struc-
tured settings. General-purpose assistive robots should be capable of performing a
wider range of dynamic and dexterous tasks in unstructured environments, safely
interact with humans and their environment, and continuously learn from new ex-
periences. This requires bridging this gap between generalist quasi-static policies
and polices for performing dynamic and dexterous tasks in open-world environments.
This thesis explores methods at the intersection of modern control theory, robot learn-
ing, and multimodal foundation models, with the goal of learning generalizable and
safety-aware robot policies for performing complex, dynamic, and interactive tasks in
unstructured environments.
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1.1.2 Challenges in dynamic manipulation
We need robots to be agile so that they can seamlessly perform tasks such as

picking up a bottle in a single sweeping motion, pulling a magazine from under a
stack of books, or quickly catching a falling object. In open-world, dynamic human
environments, such agility is essential not only for efficiency but also for robust failure
recovery. These tasks, however, are highly challenging: they involve complex dynam-
ics, including velocities, inertia, and contacts, as well as multi-body interactions with
significant momentum transfer. Even small errors can lead to catastrophic failures,
for example, a single jerky motion in a stacking task can trigger multiple unintended
interactions and collapse the entire stack. In cluttered settings, the sheer number of
potential interactions further amplifies these risks. Crucially, such skills must general-
ize across objects, tasks, and environments, where both dynamics and semantics vary
widely. Collecting data for these tasks is significantly more difficult than in quasi-
static settings, making it imperative to develop methods that are data-efficient and
capable of learning in low-data regimes. To meet these challenges, policies must be
both reactive, responding to high-frequency sensory feedback and contact events, and
predictive, reasoning about the long-term consequences of actions and interactions.
They must also be able to focus attention on the most critical objects and interactions
to avoid distraction and mitigate risk. Ultimately, attention, foresight, and reactivity
are the key capabilities a policy must possess to successfully perform dynamic manip-
ulation in open-world settings. This thesis investigates these core components with a
focus on learning generalizable skills for dynamic interactive tasks.

1.1.3 Lifelong robot operation in the real-world
Achieving the broader goal of lifelong robotic operation in dynamic, unstruc-

tured human environments demands a more general and hierarchical framework.
This framework can be conceptualized as consisting of three key components: (1)
a compact and effective memory that encodes metric, semantic, and temporal in-
formation; (2) a high-level planning and reasoning module capable of long-horizon
task decomposition and semantic understanding; and (3) a robust low-level control
policy that integrates multisensory inputs to ensure dexterity, reactivity, and safety
during task execution. Each of these components must be deliberately structured to
support interpretability, generalization, and lifelong adaptability. For instance, mem-
ory representations should be compact and modular, capturing both task-specific and
task-agnostic knowledge in a way that can be efficiently updated as the robot explores
and interacts with its environment. The planning and reasoning module should lever-
age this memory, alongside high-level task instructions, to decompose complex tasks
into compositions of pre-trained/hand-designed skills from the robot’s skill library.
Finally, low-level control skills should be designed to prioritize reactivity, dexterity,
efficiency, and safety. This thesis investigates core components of such an architec-
ture, with a focus on how embedding structural, algorithmic, and semantic priors
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into robot learning systems can facilitate long-horizon reasoning, safe and dynamic
execution, and generalization to novel domains.

1.2 Thesis Statement
We now introduce the statement of this thesis that frames the broader vision of

this body of work.

The objective of this thesis is to develop robot learning algorithms that leverage
attention, reactivity, and foresight to learn generalizable and reliable skills for

dynamic and interactive tasks.

1.3 Thesis Research Questions
This thesis work aims to address the following research questions that entail the

above thesis statement.

R1. How can we utilize algorithmic priors to enable efficient learning of predictive
and reactive skills for dynamic and interactive tasks?

R2. How can we ensure attention to relevant objects and interactions in unstructured
environments and enable generalization to arbitrary objects and interactions?

R3. How can we leverage multimodal sensing to enable language-conditioning and
semantic generalization as well as real-time reactive control of dynamic and
precise tasks?

R4. How can learn skills that ensure long-term safety for dynamic manipulation
tasks while enabling semantic safety reasoning and generalization in novel clut-
tered environments?

R5. For performing long-horizon navigation tasks in open-world environments, how
can we construct a real-time compact multimodal actionable memory that en-
ables in-context planning and exploration?

1.4 Thesis Contributions
C1. Learning Reactive and Predictive Differentiable Controllers for Switching Linear

Dynamical Models (1): A framework for learning a switching linear dynamical
model with contacts encoded in switching conditions as a close approximation
of system dynamics. Using discrete-time LQR as the differentiable policy class
for data-efficient learning of control to develop a control strategy that operates

3



Ch. 1 – Introduction

over multiple dynamical modes and takes into account discontinuities due to
contact. In addition to being sample efficient, this policy class provides a feed-
back control scheme that captures expert behavior in the learned cost/value
functions which can be used to generalize to other scenarios. In particular,
using cost matrices learned from a single scenario, we show generalization to
different goal conditions while achieving the same overall behavior. We show
that, in addition to predicting interactions with the environment, our policy
effectively reacts to inaccurate predictions such as unanticipated contacts.
→ Chapter 2, Research Question: R1

C2. Dynamic Inference on Graphs using Structured Transition Models (2): A frame-
work for learning the dynamics of non-linear interactive systems by learning sta-
ble locally-linear dynamics models using graph neural networks (GNNs). GNNs
provide a principled way of learning the dynamics of large interactive systems by
incorporating a strong structural prior in the learned dynamics. This work in-
corporates learning a dynamic graph structure that encodes contacts by adding
and removing edges from the graph as contact is made and broken which allows
for stronger generalization of the learned interaction dynamics to more object-
s/interactions than seen during training.
→ Chapter 3, Research Questions: R1, R2

C3. MResT - Multi-Resolution Sensing for Real-Time Control with Vision-Language
Models (3): A framework for learning generalizable language-conditioned poli-
cies for real-time control of precise and dynamic tasks by combining sensing
at different resolutions using networks of varying capacities. We demonstrate,
that tasks such as dynamically picking up an object require both global infor-
mation from turret cameras as well as local information from in-hand cameras
and force-torque feedback from the wrist sensors for successful task completion.
Moreover, using large pretrained vision language models to extract high-level
information from third-person cameras allows generalization of the learned skills
to variations in the semantics of the scene.
→ Chapter 4, Research Questions: R2, R3

C4. VLTSafe - Vision-Language Guided Safe Dynamic Manipulation via Object-
Centric Transformers (5): A framework for safe dynamic manipulation that
leverages vision-language models to translate semantic safety concepts into ge-
ometric constraints, and object-centric transformers to learn generalizable low-
level safe policies. We optimize a reach-avoid reinforcement learning objective
to train a parameterized policy that reasons about diverse combinations of task
and safety constraints. During inference a VLM identifies relevant geometric
constraints to paramerterize the learned policy enabling zero-shot generaliza-
tion to highly cluttered scenes and novel constraint compositions.
→ Chapter 5, Research Questions: R1, R2, R4
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C5. GraphEQA - Using 3D Semantic Scene Graphs for Real-time Embodied Ques-
tion Answering (4): We address the problem of Embodied Question Answering
(EQA) in unseen environments by introducing a novel approach that leverages
real-time 3D metric-semantic scene graphs (3DSGs) and task-relevant images
as multi-modal memory to ground vision-language-based planning agents. We
employ a hierarchical planning approach that exploits the hierarchical nature of
3DSGs for structured planning and semantics-guided exploration. We demon-
strate that this approach outperforms key baselines by completing EQA tasks
with higher success rates and fewer planning steps via experiments in simulation
and the real world.
→ Chapter 6, Research Questions: R2, R5

1.5 Thesis Conclusions
As a consequence of these contributions, we present the conclusions of this the-

sis. These conclusions reiterate the thesis statement – attention to relevant features,
foresight and long-horizon reasoning, and reactivity (high-frequency sensing/control)
are essential components for reliable robot operations in open-world environments.

T1. Learning differentiable LQR policies for switching dynamical systems enables
predictive and reactive control for dynamic and interactive manipulation tasks
as well as generalization to novel goal conditions.
→ Contribution: C1

T2. Attention to relevant objects and interactions via Dynamic-GNNs enables ro-
bustness to distractors and generalization to novel interactions.
→ Contribution: C2

T3. MResT: Attention to sensing at different resolutions and semantic reasoning via
pretrained VLMs enables semantic generalization as well as real-time reactive
control of dynamic and precise tasks.
→ Contribution: C3

T4. VLTSafe: Attention to relevant objects and near-term interactions, long-term
safety considerations (foresight) via reach-avoid RL, and semantic safety rea-
soning using VLMs, enables semantic generalization as well as predictive and
reactive safe control of dynamic manipulation tasks.
→ Contribution: C4

T5. GraphEQA: Multimodal memory with attention to relevant images and VLM-
based planning (foresight) enables performing long-horizon embodied tasks in
unseen environments.
→ Contribution: C5

5



2
Learning Switching

Linear Dynamical
System Parameters for
Differentiable Optimal

Control

Humans leverage the dynamics of the environment and their own bodies to ac-
complish challenging tasks such as grasping an object while walking past it or pushing
off a wall to turn a corner. Such tasks often involve switching dynamics as the robot
makes and breaks contact. Learning these dynamics is a challenging problem and
prone to model inaccuracies, especially near contact regions. In this work, we present
a framework for learning composite dynamical behaviors from expert demonstrations.
We learn a switching linear dynamical model with contacts encoded in switching con-
ditions as a close approximation of our system dynamics. We then use discrete-time
LQR as the differentiable policy class for data-efficient learning of control to develop
a control strategy that operates over multiple dynamical modes and takes into ac-
count discontinuities due to contact. In addition to predicting interactions with the
environment, our policy effectively reacts to inaccurate predictions such as unantic-
ipated contacts. Through simulation and real world experiments, we demonstrate
generalization of learned behaviors to different scenarios and robustness to model
inaccuracies during execution.

2.1 Introduction
Everyday human tasks involve intricate interactions with the environment, man-

ifesting in changing dynamics and impacts. For example, to pick up a bottle in one
smooth motion while walking past it, a human first slows down, comes in contact,
and then applies an appropriate force to pick it up without toppling it over. Modeling
the dynamics for such tasks is a challenging problem. Even small inaccuracies in the
learned model, especially near the contact regions, can cause catastrophic failures
and unstable behaviour. One approach to prevent such problems is to not rely on
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the learned models entirely (9; 10), rather use them as close approximations of the
system behavior, and at the same time design/learn a controller that is both robust
to the model inaccuracies and stable under execution noise.

In this work, we develop a control strategy that operates over multiple dynamical
modes, takes into account discontinuities due to contact, and is robust to inaccura-
cies in the learned dynamics model. Our approach focuses on learning the dynamic
behavior of an expert and then generalizing that behavior to unseen scenarios.

Systems for which the dynamics change discontinuously, usually after contact
is made or broken, can be modeled as switching linear dynamical systems (SLDS)
(11; 12; 13; 14; 15; 16). The set of discrete dynamics in a SLDS are governed by
hidden states called modes. We model impacts as conditions governing the switch
between these modes, which incorporates discontinuities into our dynamics model.
We use system identification to learn the parameters of the SLDS including the impact
dynamics and mode prediction function.

Taking inspiration from recent approaches that add prior structure to policy ar-
chitecture (17; 18; 19) for data-efficient learning of control, we use discrete-time LQR
as our differentiable policy class. In addition to being sample efficient, this policy
class provides a feedback control scheme that captures expert behavior in the learned
cost/value functions which can be used to generalize to other scenarios. For our com-
plex task modeled as a SLDS, we use a single LQR policy and parameterize it using a
different cost function and goal condition for each mode. Using cost matrices learned
from a single scenario, we can generalize to different goal conditions while achieving
the same overall behavior.

Forward propagating the control using the learned model allows us to predict mode
switches and contacts by extension. To make the controller robust to inaccurate mode
predictions, we combine our method with a reactive control scheme (20), to switch
modes upon observing inaccurate predictions of state transitions. We use model
predictive control during execution to replan using the observed modes.

The contributions of this paper are twofold: 1) a method for modeling and learn-
ing switching contact-based linear dynamics and using it for efficiently learning a
differentiable feedback controller that operates over multiple dynamical modes, takes
into account discontinuities due to contact, and generalizes it to unseen scenarios,
2) a control scheme that is robust to inaccuracies in the learned dynamics model
and during execution can predict, as well as react to, unanticipated dynamic contact
events. An overview of the method and results can be found in the supplementary
video (link).

2.2 Related Works
Contacts and changing dynamics are ubiquitous in manipulation (21) and collab-

orative tasks. Model-based control approaches for learning contact-rich manipula-
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tion have been proposed (22), (23), but their asymptotic performance suffers due to
model-bias. To alleviate this problem, other approaches combine model-based and
model-free methods (9; 24). Our approach relies on using a robust control scheme
(25) to deal with inaccuracies in the learned dynamics model.

Modeling tasks with non-stationary dynamics as switching linear dynamical sys-
tems (SLDS) is a well known problem. There are approaches that do (15; 16) and do
not (11; 12; 13; 14) model discontinuous mode transitions. Some other approaches
for modelling contacts and learning contact based dynamics include (26; 27; 28; 29).
Our approach for modeling contact as mode switches compares best with (30), where
the mapping from pre-impact velocity to post-impact velocity is learned. Methods
such as (11; 31) learn controllers for each mode separately, and switch between con-
trollers using the learned predictive guard conditions. Such methods are susceptible
to failures due to inaccuracies in these learned conditions. Methods such as eMO-
SAIC (20), on the other hand, do not learn a predictive model for mode switching,
but switch modes and control reactively upon observed changes in the effects of ac-
tions. In our method, we combine the advantages of both the predictive and reactive
control schemes to develop a robust controller that acts over multiple discrete modes
and contact.

Model-free approaches (32; 33; 34) obviate the need for learning the dynamics, but
face challenges in terms of sample complexity. Recent approaches to alleviate these
challenges propose adding prior structure to the policy architecture (17; 18; 19). We
take inspiration from this work and use discrete-time LQR as our differentiable policy
class.

2.3 Problem Formulation
In this section we first elaborate on our method for modeling and learning param-

eters of the switching dynamical system using system identification. We then model
the controller and learn the control parameters using imitation learning. Finally we
introduce our robust control scheme for executing the learned policy.

2.3.1 Modeling the Switching Linear Dynamical System
Graphical model for our switching dynamical system is shown in the second panel

in Fig. 2.1(a). State of the system at time t is given by xt = [qt, q̇t] where xt ∈ Rn,
qt, q̇t are configuration and velocities respectively. State is composed of state of the
robot and states of objects of interest in the environment. At every state xt the robot
takes an action ut ∈ Rm and transitions to state xt+1. The transition dynamics and
the control parameters at every time step are dependent on the discrete mode ρt,
which is a hidden variable.

8
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Figure 2.1: Training and execution pipeline (a) Given a set of expert demonstrations,
learn the parameters of a switching linear dynamical system (transition dynamics,
contact dynamics and mode prediction function) using system identification. Using
the learned dynamics parameters and the expert demonstrations, learn a differentiable
feedback controller (LQR), parameterized using a different cost function and goal
condition for each mode, using imitation learning. Learning the cost matrices allows
us to capture the behavior of the expert in each mode, thus enabling the learned
controller to generalize to unseen scenarios. (b) During execution, we use iLQR to
iteratively evaluate the modes along a trajectory, and use these modes and hence
the corresponding dynamics, impact and cost parameters to solve the LQR problem.
To make the controller robust to inaccuracies in the learned model, we use MPC to
combine our predictive controller with a reactive control scheme. The predictive part
adapts the control in anticipation of mode switches, and the reactive part observes
unanticipated mode transitions, updates the current mode and replans.

Mode Prediction

We assume that the current mode ρt is only dependent upon the current state
xt. We call the function for mode prediction a classifier ρt = M(xt). The classifier is
modeled as a fully-connected neural network that takes as input current state xt and
outputs a one-hot vector over modes. For a picking task the state xt will include the
position and orientation of the object we want to pick up. The classifier can learn
to predict modes that depend upon more general conditions such as relative position
between the gripper and the object, as used in our model. We always set the number
of modes in the model to be greater or equal to the actual number of modes required
by the task. The number of learned modes can be less than or equal to the maximum
value specified.

Transition and Interaction dynamics

The transition dynamics are modeled as follows:

xt+1 = AρtCρt,ρt−1xt + Bρtut (2.1)
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where Aρt ∈ Rn×n and Bρt ∈ Rn×m correspond to the discrete mode ρt at time t.
Thus, for a set of N modes, there will be N such transition matrices that we need
to learn. The matrix Cρt,ρt−1 ∈ Rn×n represents the impact or interaction dynamics
which depends upon the mode switch between the current and previous time step.
For example, in case of a pushing task with two modes, the first mode is when the
robot is in free motion and the second mode is when it is in contact with the light
object and is pushing it. An impact occurs between the robot and the object at the
instant when contact is made, that is, when the mode switches from mode 1 to 2.
Upon impact, the velocity of a system changes instantaneously while the position
remains the same, which can be modeled as momentum transfer between the robot
and the object. This is the source of discontinuity in the dynamics which we model
here explicitly.

We take inspiration from approaches that model contact as a mapping from pre-
impact to post-impact velocity (30). Consider a simple system where the gripper and
object states are given as xg

t = [qg
t , q̇g

t ] and xo
t = [qo

t , q̇o
t ], respectively. The impact

dynamics for this system can be written as
qg

t+

q̇g
t+

qo
t+

q̇o
t+

 =


1 0 0 0
0 mg−emo

mg+mo
0 (1+e)mo

mg+mo

0 0 1 0
0 (1+e)mg

mg+mo
0 mo−emg

mg+mo


︸ ︷︷ ︸

C


qg

t−

q̇g
t−

qo
t−

q̇o
t−

 ,

where e is the coefficient of restitution between the gripper and the object, mg and
mo are the mass matrices for the gripper and the object respectively, and qt− , q̇t−

and qt+ , q̇t+ are the position and velocity before and after impact respectively. We
observe that some properties of this impact/interaction matrix C make it easier to
learn from demonstration and apply it in a wide range of applicable scenarios. First,
C is only dependent on the system properties and not on the velocity or position.
Thus, we can parameterize and learn it using expert demonstrations and then use it
in different scenarios. Second, we need only learn the parameters corresponding to
changes in velocity because the position remains the same during impact. Finally,
even though we model a different impact matrix for each possible mode switch, we
end up learning impact matrices only for the mode switches that are observed during
demonstrations, pruning the number of impact matrices that need to be learned. To
ensure that the impact only occurs upon a mode switch, we write the impact dynamics
as Cρt−1,ρt = ρ⊤

t−1ρtI + (1−ρ⊤
t−1ρt)C because when ρt−1 = ρt, Cρt−1,ρt = I and when

ρt−1 ̸= ρt, Cρt−1,ρt = C where C is learned from demonstrations.

2.3.2 Learning the Switching Dynamics Model
Having defined the structure of the dynamical system, we move on to learning

the model parameters from expert demonstrations using system identification. The
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expert demonstrations are given as a set of trajectories {x∗
t , u∗

t , x∗
t+1}t={0,...,T −1} where

T is the total length of the trajectory. The system identification cost is written as:

ρt = M(x∗
t ), xpred

t+1 = AρtCρt,ρt−1x∗
t + Bρtu∗

t

LSysID = ||x∗
1:T − xpred

1:T ||2.

Taking gradient with respect to the above cost we together learn Aρt , Bρt , Cρt,ρt−1 ,
and the classifier M(·).

2.3.3 Modeling the Differentiable Policy
Having learned the system dynamic parameters, we shift our focus to modeling a

controller that can perform the task demonstrated by the expert. More importantly,
the controller should 1) robustly perform the task, 2) match the behavior of the expert
through the learned cost function, such as slowing down before grasping, 3) generalize
to other task instances that use the same objects. We design our controller as a
discrete-time linear quadratic regulator (LQR), a differentiable feedback controller
that can be represented as the solution to the following optimization problem:

min
ut

T∑
t=0

(
(xt − xfρt

)⊤Qρt(xt − xfρt
) + u⊤

t Rρtut

)
s.t. xt+1 = AρtCρt,ρt−1xt + Bρtut, i = 1, . . . , T

x0 = xinit

(2.2)

where xfρt
, Qρt , Rρt correspond to the goal configuration and cost matrices for mode

ρt. This formulation allows us to capture the behavior of the system in each mode
using the cost matrices Q and R for a corresponding goal location xf . It is important
to note that the behavior over the entire task is governed by the sequence of behaviors
of the learned modes. Thus, once learned from expert demonstrations, as illustrated
in Section 2.3.2, the sequence of modes should be kept fixed to successfully complete
the task.

Using LQR feedback controller enables optimal responses to anticipated changes
in dynamics and impact conditions in the trajectory. By learning cost matrices,
the agent is essentially learning a value function or reward structure around each
goal configuration. Using learned cost matrices allows the controller to generalize
to different sub-goal configurations along the trajectory. Keeping the sequence of
modes, and thus the behavior along the trajectory, fixed, we can shift around the
learned sub-goal locations (xf ) to new desired locations and still attain the same
overall behavior.

2.3.4 Learning the Control Parameters
As illustrated in Section 2.3.2, for each expert demonstration, we have already

learned the mode prediction ρt = M(x∗
t ) and the corresponding dynamic parameters
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Aρt , Bρt , Cρt,ρt−1 for each time step. Now, we use imitation learning to learn the con-
trol parameters xfρ , Qρ and Rρ. For each expert initial condition {x∗

0}t={0,...,T }, using
the corresponding learned dynamic parameters and modes, we solve the optimization
problem in (2.2) using discrete-time Riccati equations (? ). Let the solution to the
LQR problem for each initial state x∗

0 be given as

xLQR
0:T ,uLQR

0:T −1 =LQR(x∗
0,Aρt ,Bρt ,Cρt,ρt−1 ,Qρt ,Rρt ,xfρt

).

The imitation cost can then be written as

LImitation = ||x∗
0:T − xLQR

0:T ||2 + ||u∗
0:T −1 − uLQR

0:T −1||2.

The differentiabilty of the LQR controller allows us to learn the goal configurations
xfρ and cost functions Qρ, Rρ corresponding to each mode by minimizing the above
cost.

2.3.5 Execution
We have shown how we learn the dynamics model and controller from expert

demonstrations. Now we move on to how we can solve similar tasks with new initial
configurations of the robot and objects in the environment using these learned pa-
rameters. We also show how the controller accounts for inaccuracies in the learned
dynamics model.

Iterative Linear Quadratic Regulator

Algorithm 1 Iterative LQR
(i) represents the iteration number
T is the length of the trajectory
j, k ∈ {1, . . . , N} where N is the number of modes
Given: Initial state xinit. Initialize modes ρ0:T
Parameters: M(.), Aρj

, Bρj
, Cρj ,ρk

, xfρj
, Qρj

, Rρj

procedure iLQR(Parameters)
while not converged do

x(i)
0:T , K0:T −1 ← LQR(A

ρ
(i)
t

,B
ρ

(i)
t

,C
ρ

(i)
t ,ρ

(i)
t−1

,xf
ρ

(i)
t

,Q
ρ

(i)
t

,R
ρ

(i)
t

)

ρ
(i+1)
t = M(x(i)

t ) for all t
converged ← ||x(i+1)

0:T − x(i)
0:T ||2 + ||u(i+1)

0:T −1 − u(i)
0:T −1||2 is small

end while
end procedure

We formulate the problem of evaluating the control sequence for tasks involving
multiple discrete dynamical modes as an iterative LQR problem. The approach is
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very similar to a standard iLQR problem where, starting with an initial trajectory,
we linearize the dynamics around the trajectory and use these dynamics to solve the
optimal LQR problem iteratively. In our approach, as illustrated in Algorithm 3, at
every iteration, we evaluate the mode for each step of the trajectory and populate
the dynamics, impact and cost matrices accordingly to iteratively solve the LQR
problem. It is important to note here that, from the expert demonstrations, we
learned the cost matrices that capture the behavior of the system while achieving
goal states xfρj

. By substituting xfρj
with new desired goal states, we can generalize

to different initial and goal configurations for a task with the same sequence of modes.
A high-level planner can be used to rearrange the modes to generalize to similar tasks
with different mode sequences, but this has been left for future work.

Model Predictive Control

Algorithm 2 Model Predictive Control
TLQR is time horizon for execution before replanning
NMP C = T/TLQR

T is the length of the trajectory
t is the current time step
t← 0
for n in Nmpc do

Kt:T ← iLQR(xt, Aρ,Bρ,Cρ,ρ,Rρ,Qρ,xfρ,T−t)
for i in TLQR do

ρpost
t ← Posterior(xt, xt−1, at−1) ▷ (3.3.4)

at ← Kt(xt − xpost
fρt

)
xt+1 ← step(at)
t← tt+1

end for
end for

Since LQR is a feedback controller, it is robust to small disturbances and noise
that are encountered during execution. However, our controller should be robust
to inaccuracies in our learned model, especially the learned mode predictor M(xt).
Consider a scenario where for a grasping task, the classifier learns that contact occurs
when the measured relative position between the gripper and the object is less than
some threshold value. During execution, contact could potentially occur a little be-
fore, or a little after, this threshold is crossed. If the threshold is a little too large and
the next mode requires the robot to move away from the object location, the robot
might start moving away before actually grasping the object. To make the system
robust to such scenarios, we use model predictive control (MPC), Algorithm 4, to

13



Ch. 2 – Learning Switching Linear Dynamical System Parameters for Differentiable
Optimal Control

Gripper Object 1 GoalObject 2

(b)

(a)

(c)

Goal reachedMode 2 begins

Mode 1 begins Mode 2 begins Mode 3 begins Goal reached

Mode 1 begins Mode 2 begins Mode 3 begins Mode 4 begins Goal reached

Mode 1 begins

Figure 2.2: Learned behaviors for (a) 1-object pickup task, (b) 2-object pickup task,
and (c) pickup task requiring sliding along the table to align with the object before
picking it up, A 2D gripper (black block) picks up objects (orange and blue blocks)
and takes it to goal region (black circle). Motion of gripper and objects is depicted
by overlayed transparent frames.

replan using observations from the environment. We evaluate a posterior over the
mode estimate using the current observation as

p(ρt|xt,ut−1,xt−1)=z ∗ p(ρt|xt)p(xt|xt−1,ut−1,ρt) (2.3)

where p(xt|xt−1, ut−1,ρt) gives the probability of seeing the observed transition given
a certain mode ρt, p(ρt|xt) is the predicted mode from the learned classifier, and z
is the normalization constant. This approach to evaluating the mode using observed
state transitions is similar to the eMOSAIC approach (20). The above posterior can
also be calculated using measured contacts if the robot is equipped with force/contact
sensing. Using this posterior estimate of the mode, we replan as given in Algorithm
4. Adding this framework to our approach, we enable our controller to be predictive
of mode transitions (using the classifier) as well as reactive (using measurements to
evaluate posterior) to unanticipated mode changes and impacts conditions making
the controller robust to learned model inaccuracies.

2.4 Experimental Results
The proposed method was evaluated in simulation using the Box2D environment

and in the real-world on the 7DOF Franka-Emika Panda robot arm.
To evaluate our controller, which is both reactive and predictive and takes into

account discontinuities due to contact, we compare our results to 1) a purely reac-
tive eMOSAIC controller (20), 2) a purely predictive version of our controller, i.e.
without using the posterior over the mode to replan using MPC, and 3) a predictive
and reactive controller that doesn’t takes into account discontinuities due to contact.
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Table 2.1: RMSE of learned masses and learned goal configurations.
Masses (kg) Goal configurations (m)

Task 1 0.029 0.095
Task 2 0.034 0.088
Task 3 0.009 0.026

Experiments were designed to test the robustness of these controllers to process noise,
model inaccuracies and variations in shape geometry and initial configurations not
seen during training. We use two metrics to compare results: 1) success rate - defined
by whether the robot is able to pick up the object(s) of interest and take them to a
goal region in a specified time 2) cost to perform the task, defined as the LQR cost:∑T

t=0

(
(xt − xfρt

)⊤Qρt(xt − xfρt
) + u⊤

t Rρtut

)
. We perform three tasks in simulation:

1) pick up one object and deliver to goal location 2) pick up two objects and deliver
to goal location 3) pick up task while interacting with the ground to align with the
object.

Expert demonstrations are collected by sampling the initial configuration for the
gripper and fixed initial configurations for the objects. We use ground truth dy-
namic properties of the objects and manually defined cost functions to collect expert
demonstrations for each task in simulation. By hand-tuning the cost matrices, we can
control how much the gripper slowed down before picking up each object. For each
of the tasks, the classifier and dynamics model are learned first using system identifi-
cation as described in Section 2.3.2. Then, the cost matrices and goal conditions are
learned as described in Section 2.3.4. For the eMOSAIC controller, these learned cost
matrices and goal conditions are used to design independent infinite-horizon LQR
controllers, one for each mode. The root mean squared error (RMSE) between the
learned and ground truth values for the masses and goal configurations for each mode
are summarized in Table 2.1. Additional details concerning training and experiments
are provided in Appendix A.

Task 1: 1-object pickup

We consider the task of picking up an object using a 2D gripper and taking it
to a goal region, specified as the black circle shown in Fig. 2.2a. The classifier
learns to predict two modes. Mode 1 is active when the gripper is away from the
object and mode 2 is active when the relative position between the gripper and the
object is smaller than a learned threshold value. For this task, we observe that the
classifier learns to predict contact a little after the actual impact occurs signifying
imperfectness in the learned model. The masses for the gripper and object are set as
1kg and 9kg respectively in simulation. We perform multiple trials with varying initial
configurations and shape parameters. As shown in Fig. 2.4, our controller with and
without impact dynamics (Cρt,ρt−1) and eMOSAIC generalize well to new scenarios.
Our controller is robust to local inaccuracies and eMOSAIC is unaffected by them as it
is purely reactive. Both of these methods are successful in taking the object to the goal

15



Ch. 2 – Learning Switching Linear Dynamical System Parameters for Differentiable
Optimal Control

Figure 2.3: Sequence of images showing the Franka robot arm performing a dynamic
pickup task using our learned reactive and predictive controller. The controller gen-
eralizes to previously unseen locations of the object and performs the task with 80%
success rate.

(a) (b)

%
 S
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ce

ss
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t

Figure 2.4: (a) Success rate (b) Execution cost for the 3 Box2D tasks

location in all the trials. On the other hand, performance of the predictive controller
suffers because of inaccuracy in the learned classifier. The predictive controller fails
to identify a contact even after the contact has actually occurred and does not switch
to the next mode. We observe that the trajectories generated by eMOSAIC are
non-smooth and the impact velocities are much higher than the expert’s, leading to
higher cost. In contrast, the resulting cost of our controller is lower than the other
controllers because of its capability to predict the next mode, curving the trajectory
of the gripper in the direction of the next goal early on. The cost of our controller
without Cρt,ρt−1 is also slightly higher as it doesn’t consider the discontinuous jump
in velocities of the object and gripper upon contact.

Task 2: 2-object pickup

We consider the task of picking up two objects using a 2D gripper and moving them
to a goal region, as shown in Fig. 2.2b. The model learns to identify three modes:
Mode 1) relative position between the gripper and both objects is greater than a
threshold value, Mode 2) relative position between the gripper and object 1 (orange)
is smaller than a threshold value whereas between gripper and object 2 (blue) is larger
than a threshold value, and Mode 3) relative position between the gripper and both
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objects is smaller than a threshold value. The masses of the gripper and objects in
simulation were set as 1kg each. For this task, we observe that the learned classifier
predicts contacts a little earlier than when contact actually happens. As in Task
1, we observe that our controller with and without Cρt,ρt−1 is robust to these local
inaccuracies, eMOSAIC is unaffected by it and both generalize well to new scenarios.
As shown in Fig. 2.4 both these controllers were able to successfully perform the
task in all trials. The success rate for the predictive controller suffers because in a
large number of trials the gripper moves past the object without actually grasping it
because the classifier wrongly predicted that grasp has happened. eMOSAIC performs
better than our controller for this task because it is purely predictive. The inaccurate
classifier leads our method to predict suboptimal trajectories in the short term, which
leads to higher cost.

Task 3: Pickup task with ground interactions

This experiment evaluates the capability of our method to capture intricate be-
haviors from expert demonstrations. These demonstrations were designed to depict
behavior that exploits contact to reduce uncertainty. We consider the task of picking
up an object placed on a table. Fig. 2.2c demonstrates how the gripper first comes in
contact with the table and moves along it before coming in contact with the object
and pushing it along the table before picking it up. As before, we perform experi-
ments by varying initial configurations and block sizes. We observe that the success
rate for the predictive controller improves as compared to other tasks because align-
ment with the object before picking it up reduces uncertainty in relative positions.
Our controller with and without Cρt,ρt−1 and eMOSAIC are successful in completing
the task in every trial but the cost increases significantly if Cρt,ρt−1 is not considered.
This is because the controller is unable to predict that the velocity of the gripper in
the direction of contact goes to zero upon contact with the ground and the subsequent
motion is along the ground. This leads to suboptimal predictions and thus higher
cost. The cost for eMOSAIC is also high in this task. This is because the gripper
and object overshoot the table due to the lack of a predictive component preparing
the gripper to move up towards the goal early on, requiring a large force to correct
the motion to eventually move toward the goal.

2.4.1 Robot Experiments
We consider the task of dynamically picking up an object and taking it to a goal

location as shown in Fig. 2.3. Ten expert demonstrations were collected using human-
guided kinesthetic teaching (35) with fixed object and goal locations. In the human
demonstration, the robot slows down before contact, without stopping, to prevent
the object from toppling. The location of the object was tracked using April tags
and a Kinect depth sensor (36). The robot dynamics were linearized using Cartesian
space feedback linearization. Due to a lack of reliable contact sensing, we only rely
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on sensing of the object location as feedback to compare the performance of our
controller with the reactive controller.

Using the method described in Section 2.3.2, the classifier learns to discretize the
task into two modes. The goal condition for the first mode (coming in contact with
object) was learned with RMSE of 0.015m, and the goal condition for the second mode
(final configuration) was learned with a RMSE of 0.079m. To compare our controller
to the reactive eMOSAIC controller we perform 10 trials with varying initial locations
of object. Using our controller, the robot successfully picks up the object and takes it
to the goal location 8/10 times. Average cost over successful trials with our controller
is 1.1789. Using the purely reactive eMOSAIC controller, the robot successfully picks
up the object and takes it to goal location 6/10 times. The average cost over the
successful trials is 1.272. The sharp movements of the reactive controller right after
coming in contact with the object is the main reason behind the failed attempts.
Unlike in Box2D experiments, where abrupt motion in any direction can occur, such
behavior does not perform well in real-world scenarios and can lead to failed grasps.
As compared to eMOSAIC, our controller executes smooth trajectories before and
after impact as it operates over all modes.

2.5 Conclusion
We presented a framework for developing a robust differentiable feedback con-

troller for learned switching linear dynamical systems that operates over multiple
dynamical modes, predicts and reacts to discontinuous mode switches and general-
izes to unseen scenarios. Expert demonstrations inform mode predictions, contact
dynamics, linear dynamical system parameters, cost functions and goal conditions.
Experimental results show a significant improvement over eMOSAIC, a purely reac-
tive controller, in multi-object pick-up, sliding and grasping, and real-robot grasping.
We find that replanning using MPC and posterior modes improves robustness to
model inaccuracies. In future work we will explore planning over modes to generalize
to tasks that might require different mode sequencing. We plan to extend the ca-
pabilities of our controller to non-linear dynamical systems by learning locally linear
dynamical models.
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3
Dynamic Inference on

Graphs using
Structured Transition

Models

Enabling robots to perform complex dynamic tasks such as picking up an object
in one sweeping motion or pushing off a wall to quickly turn a corner is a challeng-
ing problem. The dynamic interactions implicit in these tasks are critical towards
the successful execution of such tasks. Graph neural networks (GNNs) provide a
principled way of learning the dynamics of interactive systems but can suffer from
scaling issues as the number of interactions increases. Furthermore, the problem of
using learned GNN-based models for optimal control is insufficiently explored. In this
work, we present a method for efficiently learning the dynamics of interacting sys-
tems by simultaneously learning a dynamic graph structure and a stable and locally
linear forward model of the system. The dynamic graph structure encodes evolving
contact modes along a trajectory by making probabilistic predictions over the edges
of the graph. Additionally, we introduce a temporal dependence in the learned graph
structure which allows us to incorporate contact measurement updates during execu-
tion thus enabling more accurate forward predictions. The learned stable and locally
linear dynamics enable the use of optimal control algorithms such as iLQR for long-
horizon planning and control for complex interactive tasks. Through experiments in
simulation and in the real world, we evaluate the performance of our method by using
the learned interaction dynamics for control and demonstrate generalization to more
objects and interactions not seen during training. We introduce a control scheme that
takes advantage of contact measurement updates and hence is robust to prediction
inaccuracies during execution.

3.1 Introduction
Common everyday tasks such as picking up an object in one smooth motion,

pushing a heavy door using the momentum of our bodies, or pushing off a wall
to quickly turn a corner involve complex dynamic interactions between the human
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and the environment. These dynamic interactions are critical in successful execution
of these tasks. Thus, to enable robots to perform such dynamic tasks effectively,
we need to consider the dynamics of the robot, the individual objects, as well as
the interactions between them. One way to accomplish this is to explicitly learn
these complex dynamics from data, and then use the learned models to intentionally
leverage contacts to perform interactive and dynamic tasks.

Learning the interaction dynamics of multi-body systems is a challenging problem
especially as the number of interacting bodies in the scene increases, resulting in a
combinatorial explosion in the size of the state space as well as in the number of
interactions to reason about. In recent work, graph neural networks (GNNs) (37;
38) have been used to model and learn object-centric interaction dynamics of such
systems. These networks provide a principled way of learning the dynamics of large
interactive systems by incorporating a strong structural prior (relational inductive
bias) in the learned dynamics. However, many GNN based approaches still suffer from
scaling issues as the number of interactions increases (39). For real-world dynamic
manipulation tasks which usually involve a small set of interactions occurring at
a given time in the scene, learning time varying sparse graph structures can help
mitigate some of these issues.

In this work, we develop a method for efficiently learning the dynamics of inter-
acting systems by simultaneously learning a relational dynamic graph structure and
a stable locally linear forward dynamic model of the system. The learned dynamic
graph structure encodes information about dynamics and contact modes evolving
along the task trajectory by adding and removing edges from the graph as contact
is made and broken. This approach allows for strong generalization of the learned
dynamics when more nodes are added to the graph. Starting by representing our
system as a fully connected graph, we learn time-varying and state dependent edge
activations using a graph inference module. An edge is inferred to be active when the
nodes connected via the edge interact and influence the forward dynamics, thus mak-
ing it critical for the edge activations and the forward model to be learned together.
When a new object is added to the scene, the graph inference module can predict
whether or not the new node influences the system dynamics and the dynamics of
other nodes based on edge predictions. This allows the learned model to generalize
more effectively to new objects and new interactions in the environment.

We use the spring-mass-damper model as a structural prior over the local object-
centric dynamics of our system. This provides us with two benefits: linearity and
stability. For positive values of mass, stiffness and damping parameters, the linear
spring-mass-damper model is always stable about the equilibrium point (which is also
learned) (40). Assuming a locally linear and stable prior structure over our dynamics
model allows us to represent a wide range of non-linear systems and use the learned
dynamics for long-horizon planning and control by precluding the rollout trajectories
from growing unbounded. The learned locally linear dynamics also enable the use
of optimal control algorithms, such as iLQR, to exploit the interaction dynamics
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and perform complex tasks optimally by predicting future edge activations and thus
contact modes as well.

Control strategies that use a learned model are naturally sensitive to model inac-
curacies, especially near the contact regions. This can lead to catastrophic failures
during execution. To alleviate this issue, we use gated recurrent units (GRUs) to
learn a probabilistic model that predicts edge activations at each time step. These
units introduce a temporal dependency of the current edge activation on the previous
edge activations. During execution, observed contact modes are used to evaluate a
posterior over the edge activations and update them, which enables more accurate
future rollouts. We use model predictive control (MPC) to replan using the observed
current state and contact modes.

We also explore an exciting application of this work in the field of apprentice-
ship learning wherein the learned locally linear model can be used for learning the
quadratic cost function underlying expert demonstrations using differentiable LQR
as the policy class (1; 17). The learned behavior can then be generalized to unseen
goal conditions.

The key contributions of this work are two-fold: 1) a method for learning stable
locally linear dynamics for non-linear interactive systems using graph neural networks
by encoding changing dynamics and contacts as part of the graph structure, enabling
strong generalization properties to more objects in the scene, and 2) using the learned
locally linear dynamics to devise a robust control scheme that utilizes the recurrent
nature of the learned graph structure to adapt the model predictions and the policy
to observed contact events.

We evaluate our results in simulation on multiple object dynamic pickup and
dynamic door-opening tasks. We also perform real world experiments using the 7DOF
Franka-Emika Panda robot arm for a dynamic pickup task 1.

3.2 Related Work
Learning the interaction dynamics of contact-rich tasks is a problem of interest

in many areas of robotics research such as manipulation (21), collaborative robotics
and assistive systems (41). In some recent works the dynamics of such interactive
systems is learned implicitly (42; 43), while in others (1; 11; 15; 29) the focus is
on modelling these changing dynamics as explicit dynamic modes. In our method,
we aim to exploit the inherent structure underlying interactions in physical systems
by modelling them as graphs and taking advantage of the generalization benefits of
graph-based approaches.

There has been tremendous progress towards the development of graph neural
networks for modelling and learning the forward interaction dynamics of physical
systems. Approaches such as (37; 38; 44; 45; 46) learn the dynamics model assum-

1Supplementary video: https://youtu.be/A9YG8VrIpgQ
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ing a static fully connected or known graph structure. Such models can require a
large amount of interaction data and training time to accurately learn the interac-
tion dynamics. There has also been work towards using static graphs for planning
and control (47; 48; 49). We focus on the problem of simultaneously learning the
dynamic graph structure and the forward dynamic model of the system in a purely
unsupervised fashion and using that model for control.

Some approaches (50; 51; 52) learn a graph structure that is static over the entire
task, or along a single task trajectory, while other methods learn to actively predict
edge interactions (39; 53; 54) using attention mechanisms. We take inspiration from
these approaches for learning probabilistic predictions of edge activations that evolve
with the state of the system.

Learning to control non-linear systems using locally optimal control algorithms,
such as iLQR, is an exciting area of research. Such methods require learning locally
linear and stable dynamics models of the system. Some recent approaches that aim to
learn locally linear dynamics of the system for control include (55; 56; 57; 58) but these
approaches have rarely been extended to graph based interactive dynamic systems.
We derive inspiration from these works and model our system dynamics as locally
linear, which enables the use of optimal control algorithms such as iLQR. In our work,
we also explore methods developed in (1; 17; 59) for utilizing the learned linearized
dynamics for learning simple quadratic cost functions of differentiable controllers such
as LQR.

3.3 Method
In this section, we discuss in detail our method for learning stable locally linear

dynamics for non-linear interactive systems using graph neural networks. Our train-
ing pipeline is composed of two main modules that are trained together, 1) a graph
inference module that learns the dynamic graph structure, and 2) a forward dynam-
ics module that learns the stable locally linear forward dynamics given the graph
structure.

3.3.1 Graph Inference Module
This module predicts the dynamic interaction graph structure — which edges in

the dynamic graph are active or inactive at a certain time step. In our domain, where
physical objects are represented as nodes in the graph, this module infers whether
or not, at a certain time step, objects influence each other’s dynamics. For example,
in a scenario where a robot gripper picks up an object, an edge connects the gripper
and the object only after the object has been grasped.

The state of the system at time t is represented as a graph Gt = (Nt, Et) where
nodes Nt represent objects in the scene and edges Et connect interacting nodes. Node
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Figure 3.1: Method overview: Our method has two main parts 1) Graph inference
module: we start with a set of fully connected graphs and pass them through the
inference graph network that performs message passing between the nodes and out-
puts embedded graphs. Next, to aggregate information temporally, we pass the edge
embeddings mij

0,...,T through a GRU that outputs a discrete probability distribution
pij

t over the edge types (active or inactive) for each edge. We sample from this dis-
tribution to get the edge activations aij

t (see 3.3.1). 2) Forward dynamics module:
using the edge activations, we remove the inactive edges from the fully connected
input graphs and then pass them through the forward dynamics graph network that
outputs another set of embedded graphs. The node embeddings z̃ij

t are passed though
a fully connected neural network that outputs stable locally linear transition dynam-
ics (see 3.3.2). We forward propagate the learned dynamics using the input control
and get the next state which is used for loss calculation during training (3.4).
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ni
t ∈ Nt is represented using a feature vector xi

t where xi
t = [qi

t, q̇i
t]. qi

t and q̇i
t are

the position and velocity of the ith object respectively. The edge eij
t ∈ Et connecting

nodes i and j is represented with edge features dij
t where dij

t is the distance between
nodes ni

t and nj
t .

An overview of the graph inference module is shown in Fig. 3.1. We start with a
set of trajectories of fully connected graphs (G0, u0, . . . ,GT , uT ) where ut is the control
applied at time t, and T is the length of the trajectory. In order to learn the dynamic
graph structure, we first use a graph neural network to propagate information spatially
over each of the graphs (G0, . . . ,GT ) via message passing between the nodes using a
node feature network f inf

n and an edge feature network f inf
e :

mij
t = f inf

e (xi
t, xj

t , dij
t )

zi
t = f inf

n (xi
t,
∑

j

mij
t )

where f inf
e and f inf

n are fully connected neural networks representing the Inference
GNN and zi

t and mij
t are the output node and edge embeddings respectively. After

two steps of message passing, the output edge embeddings mij
0:T for each edge are

passed though a gated recurrent unit (GRU) to allow temporal information flow:

pij
0:T = GRUϕ(mij

0:T )
aij

0:T = sample(pij
0:T )

(3.1)

where ϕ are the trainable parameters of the GRU and pij
t is a discrete probability

distribution over the edge types. We consider two edge types: active and inactive.
Sampling from probability distribution pij

t gives us a one hot vector representing
the edge activation aij

t . If an edge is active at time t, aij
t = [1, 0] else aij

t = [0, 1].
Naturally, this representation can be extended to include more than two edge types.
Differentiability of this sampling procedure can be ensured by employing techniques
such as Gumbel softmax (60). If an edge eij

t is sampled to be inactive it is removed
from the graph Gt for the subsequent calculations and no messages pass through that
edge. The output of the graph inference module is a trajectory of graphs (G̃0, . . . , G̃T )
where G̃t = (Nt, Ẽt) and Ẽt ⊆ Et is the set of active edges. Given this inferred graph
structure, our next step is to model the forward dynamics of the system.

3.3.2 Forward Dynamics Module
An overview of the forward dynamics module is shown in Fig. 3.1. To learn the

object-centric interaction dynamics of the system, we use another GNN to perform two
steps of message passing over each of the graphs (G̃0, . . . , G̃T ) to propagate information
spatially between connected nodes.

m̃ij
t = fdyn

e (xi
t, xj

t , dij
t )

z̃i
t = fdyn

n (xi
t,
∑

j

m̃ij
t )
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where fdyn
e and fdyn

n are fully connected neural networks representing the Forward
Dynamics GNN. Here, for scenarios where more than two edge types are considered,
for example to capture varied behavior over active edges, one can use a different edge
feature network fdyn

e for each edge type. The output node embeddings z̃i
t now encode

interaction information between the connected nodes and can be used to learn the
forward dynamic parameters of the interactive system independently for each node.
To learn stable locally linear dynamics, we approximate the local dynamics of each
node to resemble a spring-mass-damper system that is decoupled in its degrees of
freedom. The parameters for each degree of freedom are derived from the node
embeddings at each time step. This representation was chosen since the dynamics of
a spring-mass-damper system can be constrained to be stable (bounded output) by
constraining the mass, stiffness and damping parameters to be greater than zero (40).
This is easily achieved by using activations such as sigmoid and relu. We use a fully
connected neural network gdyn to output the dynamic parameters for each node as,

αi
t = gdyn(z̃i

t) (3.2)

where αi
t = [ 1

mi
t
, ki

t, ci
t, x̂i

t] where mi
t is the mass, ki

t is the stiffness of the spring, ci
t is

the damping, x̂i
t is the equilibrium point for node i at time t. These parameters can

then be used to compute the stable locally linear dynamics of the system as:

xi
t+1 = Ai

txi
t + Bi

tut + oi
t (3.3)

where

Ai
t =

 1 dt
−ki

t dt

mi
t

1− ci
t dt

mi
t

 , Bi
t =

 0
dt
mi

t

 , oi
t =

 0
ki

t x̂i
t dt

mi
t


for a discrete-time one degree of freedom system.

3.3.3 Training
The graph inference module and the forward dynamics module are trained together

to simultaneously learn the dynamic graph structure and the locally linear forward
dynamics. We collect a set of N trajectories containing multiple interacting objects
and represent them as graphs {(G∗

0 , u0, . . . ,G∗
T −1, uT −1)n}n=0,...,N . The loss function

for training the model is written as,

Ldyn =
∑

i

||xi∗

1:T − xipred

1:T ||2 +
∑
i,j

KL[pij
0:T −1 ||q

ij
0:T −1] (3.4)

where xi∗
t+1 is the observed next state and xipred

t+1 = Ai
txi∗

t + Bi
tut + oi

t is the predicted
next state for node ni. pij

0:T −1 is the probability distribution over predicted edge
activations and qij

0:T −1 is a prior on the edge activations. In prior work (50; 51),
where the focus is on learning a static graph structure, the prior is designed such that
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a sparse graph is learned. However, in our scenario, since the graph structure is not
static and can be sparse or dense depending upon the state, we design a prior using
the relative distances between the nodes. In particular, when two nodes are spatially
close to each other, the prior suggests that the probability of the edge connecting
these nodes being active, is high. In particular, for a given distance threshold of dth,
the prior over edge eij

t at time t is given by:

qij
t = Softmax(

dth − dij
t

dij
t − dth

)

where the edge feature dij
t is the distance between nodes ni

t and nj
t . The neural net-

works f inf
e , f inf

n , GRUϕ, fdyn
e , fdyn

n and gdyn are trained simultaneously using stochastic
gradient descent to minimize the loss Ldyn.

3.3.4 Execution
While it is common practice to use model predictive control for replanning using

the current observed state, for interactive tasks where contacts are critical, it is es-
sential to utilize observed contact information for replanning as well. Since we use
GRU to learn the edge activations, it introduces a temporal dependency of the current
edge activation on the previous edge activations. For one time step prediction, this
recurrent process looks as follows, pij

t+1 = GRUCell(pij
t , mij

t ). During execution, us-
ing the observed contact modes, we update the current probabilistic edge activations
by calculating a posterior on the edge activations as follows,

p̃ij
t = z pij

t cij
t

where cij
t is a discrete probability distribution representing the observed contact be-

tween node ni and nj at time t and z is the normalization constant. Since GRU aggre-
gates past information for future rollouts, the updated edge activation p̃ij

t allows for
more accurate future predictions. In particular, we use the posterior edge activations
p̃ij

t to make updated future predictions as follows, pij
t+1 = GRUCell(p̃ij

t , mij
t ).

3.4 Experimental Results
The proposed method is evaluated in simulation using Box2D and Isaac Gym

environments and in the real-world on the 7DOF Franka-Emika Panda robot arm.
Through our experiments, we aim to evaluate 1) How useful is our graph inference
module in enabling efficient and accurate learning of the dynamics of the interactive
system? 2) What are the generalization properties of the learned dynamics model
as more objects (not seen during training) are added to the system? 3) How robust
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Figure 3.2: (a) Row 1: Box2D Task 1 with same number of objects as seen during
training. Row 2: Box2D Task 1 generalization scenario with many distractor objects
(orange) in the scene. Row 3: Box2D Task 2 with same number of objects as seen
during training. Row 4: Box2D Task 2 generalization scenario for picking up many
more objects than during training. (b) N-step root mean square error between the
predicted and executed trajectories. These experiments are performed with the same
number of objects and interactions as seen during training. (c) N-step root mean
square error between the predicted and executed trajectories. These experiments are
performed to test for generalization by including many more objects and interactions
in the task than seen during training.

is our execution strategy to inaccuracies in the learned model? 4) Can our learned
stable linearized dynamics be used for learning the cost function of a differentiable
LQR controller using expert demonstrations of a task?

Ablation studies: To answer the first three questions we perform the following
three ablation studies: 1) Training the dynamic model without the graph inference
module i.e. learning the forward dynamics module given fully connected graphs. The
dataset for this study is the same as the dataset used for training the full model. We
call this model No-GIM. 2) Training the dynamic model without the graph inference
module but with an augmented dataset containing more objects and interactions. We
call this model No-GIM-Aug. No-GIM and No-GIM-Aug are similar to prior
work (37; 44; 47) that assume a static fully connected or known graph structure. 3)
Training the full dynamic model with the graph inference module but replacing the
GRU in (3.1) with a fully connected neural network that takes as input only the
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Figure 3.3: (a) Row 1: Box2D Task 3 with same number of doors as seen during
training. Row 2: Box2D Task 3 generalization scenario with many distractor doors
in the scene. (b) N-step edge activation prediction accuracy.

current edge embedding mij
t to output the edge activation i.e. there is no temporal

relationship between the predicted edge activations. We call this model GIM-Non-
Temp. Due to this modification in the network architecture, we will no longer be
able to utilize the robust control scheme elaborated on in 3.3.4 since posterior on
the edge activations can no longer be used to update future predictions. We call our
model GIM-Temp. In addition to the above ablation studies, we also train a model
Full-AB that uses our graph inference module but instead of using a spring-mass-
damper system based stable dynamics model in the forward dynamics module, learns
the full A and B matrices from scratch.

Application: Apprenticeship learning. To answer question 4, given the
learned stable locally linear interaction dynamics, we learn the cost matrices Q and
R of a discrete-time linear quadratic regulator (LQR) using expert demonstrations.
We demonstrate generalization of learned expert behavior to goal regions not visited
by the expert. We closely follow the cost learning method in (1), but instead of
learning a different cost function and goal condition for each dynamic mode, modeled
as a discrete global variable, we learn a single cost function for a certain task with a
fixed goal. Evaluation metrics: To test for generalization, all the ablation models
mentioned above, including our model, are tested with more objects and interac-
tions than seen during training. For evaluating the accuracy of the learned model,
the generalization properties and the effectiveness of the robust control scheme, we
use N-step prediction error as the metric. This error is calculated upon using the
learned locally linear models for control using iLQR-MPC (receding horizon control)
and calculating the root mean square error between the predicted trajectory and the
executed trajectory for a rollout length of N . For each environment, N is calculated
such that the rollout time is 0.5 seconds i.e N = 0.5/dt. The prediction error is cal-
culated over all the nodes in the graph. For GIM-Non-Temp, in addition to N-step
prediction error, we also evaluate the accuracy of the predicted edge activations for a
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rollout length of N and compare it with our method GIM-Temp. We get the ground
truth edge activations by observing contacts during execution. Contact information is
not used during training. For No-GIM-Aug, we also present results for the sample
complexity, i.e how much more interaction data is needed in order to achieve similar
level of performance as with our method. This will demonstrate the efficiency of our
method as compared to models where the graph inference module is not used.

Fig. 3.2(b) shows the N-step prediction error when the learned models are tested
in environments with the same number of objects and interactions as seen during
training. Fig. 3.2(c) shows the N-step prediction error for generalization scenarios
i.e. testing with more interactions and more distractor objects in the scene. Fig.
3.3(b) shows the N-step edge activation prediction accuracy.

Box2D Tasks: We consider three tasks in this environment: Task 1: Dynami-
cally (without stopping) picking up a 2D object using a 2D gripper and taking it to
a goal region (Fig. 3.2(a) Rows 1 & 2). This task aims to assess if the learned graph
inference module generalizes well to non-interacting objects in the scene (no edges to
non-interacting objects) by testing with up to ten distractor objects. For this task,
No-GIM, GIM-Non-Temp and GIM-Temp are trained on a dataset consisting
of 40 trajectories of the gripper picking up one target objects and taking it to goal
location. Initial positions of the gripper and object and goal locations are sampled to
collect data. No-GIM-Aug is trained with an augmented dataset consisting of up to
three distractor objects which do not interact (160 trajectories). Task 2: Dynamic
pickup of multiple objects (Fig. 3.2(a) Rows 3 & 4). This task is designed to test
for generalization to more interactions than seen during training. We test this by
picking up upto five objects during testing while only two objects were picked up in
the training dataset. This generalization is non-trivial, as compared to task 1 where
distractor objects are ignored, since the model needs to have learned the dynamics
behind the interactions that occur when an object is picked up and then generalize
it to additional such interactions in the trajectory. For this task, No-GIM, GIM-
Non-Temp and GIM-Temp are trained on a dataset consisting of 40 trajectories of
the gripper picking up two target objects and taking them to a goal. No-GIM-Aug
is trained with an augmented dataset consisting of trajectories where the gripper picks
up a maximum of three objects and takes them to a goal (120 trajectories). Task 3:
Dynamic door opening (Fig. 3.3(a)). This task aims to access the model’s ability to
learn locally linear dynamics of a highly non-linear system and use the learned dy-
namics for control. We add upto ten distractor objects in the test setup of this task
as well. For this task, No-GIM, GIM-Non-Temp and GIM-Temp are trained on
a dataset consisting of 40 trajectories of the gripper dynamically opening a door.

Isaac Franka Task: We consider the task of dynamically picking up an object of
mass 0.5kg using a 7DOF Franka-Emika Panda arm and taking it to a goal location
(Fig. 3.4(a) and (b)). The robot is controlled using task space impedance control (35)
during data collection wherein the orientation of the gripper is kept fixed. The initial
cartesian position of the gripper, object (on a table) and goal are sampled for data
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Figure 3.4: (a) Isaac Gym Task with same number of objects as seen during train-
ing. (b) Isaac Gym Task generalization scenario with distractor (green) objects in
the scene. (c) Real world experiments with the 7DOF Franka-Emika Panda arm
performing a dynamic pickup task using our learned model.

collection. No-GIM, GIM-Non-Temp and GIM-Temp are trained on a dataset
consisting of 200 trajectories of the gripper picking up the target object and taking
it to a goal. A cartesian space model of the robot is learned while assuming fixed
orientation. We test for generalization in environments with up to five distractor
objects.

Real robot experiments: Real world experiments are performed for the task of
dynamically picking up an object of mass 0.83kg and taking it to a goal location using
a 7DOF Franka-Emika Panda robot arm (Fig. 3.4(c)). The setup, controller, data
collection and training strategy is the same as for the Isaac Gym Franka pickup task.
The position and velocity of the object were tracked using April tags and a Kinect
depth sensor (36). Due to lack of reliable contact sensing, we do not update edge
activation predictions using observed contacts during execution but still rely solely on
GRU for edge activation predictions. No-GIM, GIM-Non-Temp and GIM-Temp
are trained on a dataset of 25 trajectories.

Training parameters and network architecture: All the models are trained
using ADAM (61) with default parameters and a learning rate of 1e − 5. The infer-
ence GNN and forwards dynamics GNN are composed of two fully connected neural
networks each having two layers with 64 units each and ReLU activation. gdyn in
(3.3) is also a fully connected neural network having two layers with 64 units each
and ReLU activation. We use GRUCell in PyTorch (62) and apply a softmax to its
output for learning the edge activation probabilistic model.
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3.5 Conclusion
In this work, we demonstrated the benefits of learning the forward model of inter-

active systems by simultaneously learning a dynamic interaction graph and a stable
locally linear forward dynamic model given the graph. We showed that using a
spring-mass-damper system as an approximation to the local dynamics allows us to
effectively learn the parameters of a stable system that can be used for long-horizon
planning. We then elaborated on the generalization benefits of learning a dynamic
graph structure over using a fully connected graph and demonstrated that by intro-
ducing a temporal dependency of the current edge activation on the previous edge
activations, we allow for contact measurement updates, ensuring more accurate future
predictions. As an application of our work, we also discussed how our learned model
can be used to learn the quadratic cost function underlying expert demonstrations
using the method described in (1; 17). The learned behavior can then be generalized
to unseen goals.
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4
Multi-Resolution

Sensing for Real-Time
Control with

Vision-Language Models

Leveraging sensing modalities across diverse spatial and temporal resolutions can
improve performance of robotic manipulation tasks. Multi-spatial resolution sens-
ing provides hierarchical information captured at different spatial scales and enables
both coarse and precise motions. Simultaneously multi-temporal resolution sensing
enables the agent to exhibit high reactivity and real-time control. In this work, we
propose a framework, MResT (Multi-Resolution Transformer), for learning generaliz-
able language-conditioned multi-task policies that utilize sensing at different spatial
and temporal resolutions using networks of varying capacities to effectively perform
real time control of precise and reactive tasks. We leverage off-the-shelf pretrained
vision-language models to operate on low-frequency global features along with small
non-pretrained models to adapt to high frequency local feedback. Through extensive
experiments in 3 domains (coarse, precise and dynamic manipulation tasks), we show
that ourT approach significantly improves (2× on average) over recent multi-task
baselines. Further, our approach generalizes well to visual and geometric variations
in target objects and to varying interaction forces.

4.1 Introduction
Performing robotic manipulation tasks in the real world often requires using sens-

ing modalities at different spatial resolutions. For instance, for peg-insertion, the
robot can use a statically-mounted third-person camera (low spatial resolution or
global information) to reach close to the hole, use a wrist-mounted first-person cam-
era for finer alignment, and finally use proprioception and force-feedback for insertion
(high spatial resolution or local information). Additionally, each sensing modality
can be utilized at a different temporal resolution. For example, for coarse quasi-static
subtasks (“reach hole”), using third-person camera images at a low frequency can
be sufficient. However, finer reactive subtasks (“insert peg”), might require high-
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Figure 4.1: Our proposed approach uses sensing at different spatial and temporal resolutions for
real time control of coarse, precise and dynamic tasks while enabling generalization to novel visual
features and interactions.

frequency force-torque feedback. Based on this insight, we propose a multi-resolution
(spatial and temporal resolution) sensor fusion approach for coarse quasi-static as
well as precise reactive manipulation tasks.

Multi-resolution sensor fusion can enable generalization to novel visual-semantic
targets. For instance, by utilizing global information from third-person camera images
only for coarse localization and relying on local information from in-hand cameras
and force-torque feedback for finer motions, the policy can learn to generalize to novel
objects. Previous approaches to learning generalizable policies either require extensive
data collection (63; 64; 65) or rely on pretrained models (66; 67; 68; 69) for policy
adaptation (70). However, such approaches typically utilize a single sensory modality,
while others that incorporate multiple sensors do not prioritize generalization (71). In
our work, we avoid extensive data collection and instead leverage pretrained vision-
language models in our multi-resolution approach to learning generalizable language-
conditioned multi-task policies.

Although pretrained vision or vision-language models (VLMs) provide impressive
generalization capabilities and enable learning language-conditioned multi-task poli-
cies, using large VLMs can have certain disadvantages. First, given their large size
(e.g. Flamingo has 80B parameters (68)), they have slow inference which makes them
unusable for real-time closed-loop control which is necessary for reactive tasks. Sec-
ond, since pre-trained models are often trained on out-of-domain data, using them to
solve in-domain manipulation tasks (especially precise tasks) may require finetuning
(72). However, task-specific finetuning can make models less robust with reduced
generalization (73).

To overcome the above challenges of utilizing large pretrained VLMs for real-time
control of reactive tasks, we propose a framework that incorporates different capac-
ity networks (that operate on different sensing modalities) at different frequencies.
Specifically, we use large pretrained VLMs with slow inference at a lower frequency
while small networks with fast inference at a higher frequency. Our low-frequency
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pretrained VLMs operate on statically mounted third-person views and can provide
global coarse feedback (such as approximate object locations) that is usually only
needed at a low rate. On the other hand, we propose using small trained-from-
scratch models with first-person camera views and force-torque data to obtain the
high-frequency fine-grained feedback necessary to perform precise and reactive tasks.
Further, to overcome the challenge of loss in generalization when finetuning pre-
trained VLMs, we freeze the pretrained VLMs to avoid losing their robustness and
maintain their generalization abilities. Overall main contributions include:

• a framework for learning generalizable multi-task policies that incorporates mul-
tiple sensory modalities to capture global to local spatial information,

• combine sensor modalities at different frequencies to avoid bottlenecks and en-
able reactive control which we show empirically is essential for dynamic tasks,

• comprehensive experiments across 3 domains (and 2 real-world tasks) that in-
clude coarse, precise and dynamic manipulations tasks, and

• effective generalization across semantic task variations in both simulation and
real-world.

4.2 Related Work
Vision-Language Pretrained Models for Robot Manipulation: Many prior

works combine vision and language for robotic tasks. While early works focus on
tabula-rasa learning (74; 75; 76), more recent works, use pretrained large language
models (LLMs) and show efficient learning and improved generalization for robotics
tasks (77; 78; 79; 80; 81). Many recent works also combine large general-purpose
pretrained vision or vision-language models (VLMs) (66; 68; 82) for manipulation
(70; 72; 83; 84; 85; 86; 87; 88; 89). Our work is more closely related to these latter
works in that we also use pretrained VLMs for robot manipulation. Among these
works, many works only use language for task-specification and do not focus on the
generalization provided by pretrained models (88; 89). Additionally, other works
adapt the pretrained representation for the downstream task (72; 86? ). However, as
we show empirically, such updates lead to representation drift and a loss of robustness
for the pretrained general-purpose VLM. Hence, we propose not updating the pre-
trained representations. While (70; 87) use frozen VLMs, (87) only uses pretrained
VLM as an open-world object detector to get pixel targets for the task at the first
episode step. On the other hand, (70) uses the pretrained VLM with templated pick-
and-place actions for manipulation. By contrast, we use VLMs in our multi-resolution
framework with continuous feedback for reactive manipulation tasks.

Multi-Spatial Resolution for Robot Manipulation: Many prior works use
multiple sensor modalities for robot manipulation, wherein each modality operates
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at a different spatial resolution. For instance, prior works often combine visual (low
spatial resolution) and proprioceptive (high spatial resolution) feedback (90; 91; 92),
use wrist-mounted cameras for visual servoing (93; 94; 95) or for contact-rich manip-
ulation tasks (96; 97; 98; 99), while other works focus on combining vision and haptic
sensing (100; 101; 102; 103). Our work is similar to the first set of works i.e. we use
both third person and first person cameras for precise manipulation. However, unlike
most prior works (96; 99) which focus on single-task settings, we focus on multi-task
settings and fuse multiple sensing modalities at different resolutions.

Multi-Temporal Resolution for Robot Manipulation: Learning reactive
policies requires the robot to operate at high frequencies. Some recent works in robot
manipulation focus on learning policies at different temporal resolutions. For instance,
(104) decompose a manipulation task into different phases (e.g. visual reaching phase
and tactile interaction phase) and learn separate policies for each phase as well as a
blending policy. While (105) avoid the discrete formulation of an MDP and instead
learn a continuous differential equation (106; 107) to model the low resolution features.
By contrast, we use the discrete formulation and instead of decomposing policies into
different phases we reuse features from low-resolution signals while operating at a
high temporal resolution.

Dynamic Reactive Manipulation: Many prior works in robot manipulation
focus on quasi-static tasks (63; 79). However, there has been increased interest in
solving tasks that are reactive and dynamic in nature (1; 108; 109). Previous works
focus on explicitly learning the dynamics (1) or using analytical models (108; 110) of
such systems for achieving reactivity. These works often assume access to the ground
truth object pose and are limited to a single-task setting. In our work, we learn
how to perform such dynamic and reactive tasks using visual inputs in a multi-task
setting.

4.3 Proposed Approach
In this section, we discuss our approach for learning a generalizable language-

conditioned multi-resolution multi-task policy for precise and reactive manipulation
tasks. Below, we provide details on how we utilize different sensing modalities and
then delineate our training/inference and discuss how our approach enables real time
control for reactive tasks while generalizing to novel tasks.

4.3.1 Multi-Resolution Architecture
Figure 5.2 shows the architecture of our multi-resolution approach. Our model

takes as input multiple sensing modalities with different spatial resolutions, i.e.,
statically-mounted third-person camera view, first-person camera view and high fre-
quency force-torque feedback. Each input is first processed separately before being
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Figure 4.2: Overall architecture: Global low frequency information is extracted from third-person
camera images using slow inference networks, local high frequency information is extracted from
first-person camera images and proprioceptive, force-torque feedback using fast inference networks.
These sensing modalities are then fused at different frequencies to enable real time high frequency
control.

fused together at different temporal resolutions to output high frequency robot ac-
tions. Below we expand on each component of our architecture.

Low-Spatial Resolution Model: We use a low-spatial resolution sensor (third-
person camera) to provide global task information to our agent. We use pretrained
visual-language models to extract this global information from third-person views
as well as to enable language-conditioning in a multi-task setting. Such pretrained
models enable generalization to novel semantic features such as new objects or novel
language commands. However, to ensure the pretrained model maintains its robust-
ness we keep it frozen. However, using large VLMs to extract this generalizable global
information comes with the drawback that the inference speed is very slow (≈ 5Hz).
We experiment with two models CLIP (66) and MDETR (111) (language-conditioned
DETR (112)), which use image-level and object-level information respectively.

High-Spatial Resolution Model: To ensure reactivity in the face of slow infer-
ence of pretrained VLMs, we use a smaller non-pretrained vision model (ResNet-18)
(113) to process the first-person camera view at a higher frequency (≈ 20Hz). This
view provides us with high-resolution local spatial information. To provide appropri-
ate task-context to the first-person view we use small FiLM layers (114) for language
conditioning. We train this model from scratch with augmentations (explained in the
next paragraphs) to extract local spatial features that are useful for precise tasks.
While using a small vision model enables faster processing it can still be insufficient
for some highly dynamic tasks. Hence, we process the force-torque feedback and
proprioceptive information at a much higher frequency (≈ 75Hz) using a small linear
layer.

Multi-Resolution Sensor Fusion: We combine local and global sensing infor-
mation (spatial resolutions) mentioned above at different temporal resolutions based
on the capacities of the respective networks. Specifically, we reuse features (network
activations) from lower frequency (third-person and first-person views) networks to
match the frequency of the highest frequency (force-torque feedback) network. Doing

36



Ch. 4 – Multi-Resolution Sensing for Real-Time Control with Vision-Language
Models

Pickup Blocks

Insert Blocks

Square Insert Pick & Lift Small

Shape Sort Take USB Out

MT-Coarse MT-Precise MT-Dynamic Real-World
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this ensures that the policy network outputs actions at a high frequency (equal to the
frequency of the force-torque feedback network), thus enabling real-time control.

In addition to temporal-sensor fusion we also spatially fuse local and global sens-
ing information, i.e, we fuse information extracted from third-person views with first-
person view information and vice-versa. We achieve this using two small camera-
specific transformers together with cross-attention. Each transformer uses self-attention
within each modality (for its associated camera view) and cross-attention with the
other modality (other camera view). As shown in Figure 5.2, we readout the CLS
token from each transformer and concatenate them with the force-torque and propri-
oception embedding. This concatenated embedding is then processed using a 2-layer
MLP policy head to output the robot actions. Please refer to Appendix C.2 for
further details on the architecture.

Data Augmentations: Data augmentations have been shown to be helpful for
single-task learning of manipulation tasks (99; 115). However, naively using image
augmentations can be detrimental for learning generalizable multi-task policies. This
is because pixel-level augmentations, such as color-jitter, grayscale etc., can result in
semantic changes in the overall scene. Such semantic changes can lead to mismatch
between the input image and language instruction provided for the given task. For
instance, a demonstration shows “move to red block” but pixel augmentations can
change the red block’s color. To avoid this while being able to utilize the benefits of
augmentations we propose to use two different sets of augmentations. First, for third-
person cameras we only use image-level augmentations (e.g. random crops, shifts).
This avoids mismatch between image-and-text instructions and allows visual-language
grounding from pretrained VLM to be utilized. Second, for first-person camera we use
both image-level and pixel-level augmentations (color-jitter, grayscale). Since these
augmentations lead to image-text mismatch this further enforces our agent to use the
third-person camera view for coarse localization, while only relying on the in-hand
view for finer precise motions. Using strong pixel-level augmentations on first-person
view further make the in-hand model invariant to texture but rely more on edges and
corners (116). This, as we show empirically, improves the generalization performance
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of our model on heldout object variations.
Training and Inference: We use behavior cloning from expert demonstrations

to train our model. We record data from each sensor at their respective frequencies.
Specifically, camera images are recorded at 30 Hz and force-torque feedback at 250Hz.
To match slower processing times of larger models during inference we sub-sample the
third-person camera images to 5Hz and first-person camera images to 20Hz. We use
AdamW (61) optimizer with learning rate 1×e−4 and weight decay 0.01. We train our
model for 60 epochs, using a linear warmup, starting with learning rate 0, for 5 epochs
and then decay the learning rate using a cosine-scheduler. We use a GTX-1080Ti
for inference. Overall our architecture has ≈ 250M parameters. The pretrained
vision-language model has ≈ 150M parameters (for MDETR) with an inference time
of ≈ 0.1 seconds. The first-person camera model has ≈ 25M parameters with an
inference time of 0.04 seconds. Finally, the force-torque and proprioception model
along with the policy head have a total of ≈ 250K parameters with an inference time
of ≈ 0.005 seconds. This allows the actions to be inferred at a max frequency of
≈ 200Hz although we use it at a reduced frequency of ≈ 75Hz which was sufficient
for our tasks.

4.4 Experimental Setup
We first identify the key research questions that we aim to evaluate:

Q1: How does multi-spatial resolution sensing benefit learning language-conditioned
multi-task (MT) manipulation polices for precise tasks? Specifically, we aim to eval-
uate the utility of multi-spatial resolution sensing for tasks that involve visual occlu-
sions, partial observability, and precision.
Q2: How does multi-temporal resolution sensor fusion benefit learning reactive
manipulation tasks? Specifically, we evaluate how our architecture enables closed
loop control for reactive tasks.
Q3: How well does our approach generalize to tasks with novel visual-semantic
targets? Specifically, we evaluate our approach’s robustness to distribution shifts,
e.g., object colors and geometries.

4.4.1 Environments
To evaluate the above questions we use three task settings, 1) MT-Precise: Pre-

cise manipulation tasks, 2) MT-Dynamic: Dynamic manipulation tasks, and 3)
MT-Coarse: Coarse table-top manipulation tasks. Below we detail each environ-
ment and discuss its usage to answer above questions.

MT-Precise For precise manipulation we use 4 spatial precision tasks from RL-
Bench (117) (see Figure 4.3 (Left)) – square block insertion, pick up small objects,
shape sorting, and unplug usb. We use this task domain to answer Q1. Specifically,
we evaluate the need for multi-spatial resolution sensing in manipulation tasks that
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Figure 4.4: Temporal resolution and robustness baselines used to compare our multi-resolution
approach.

require precise feedback and have partial observability, i.e., objects can go out of view
of the first-person camera.

MT-Dynamic: We use the CMU ballbot (118) platform to perform dynamic
pickup tasks in simulation (Figure 4.3 (Middle-Right)). We choose ballbot since it
is a highly dynamic robot with an omnidirectional base (ball) capable of performing
fast, reactive and interactive tasks. We consider the task of dynamically picking up
an object, which requires quick reaction to contact with the object and grasping it to
prevent toppling the object over. We use this setting to answer Q2.

MT-Coarse: We consider a canonical table-top manipulation setting ((119; 120))
involving coarse pick-and-place manipulation tasks with diverse objects – blocks,
shoes, mugs, cylinders. We use this environment to answer Q1 and Q3. Specifi-
cally, for Q1 we contrast these coarse manipulation tasks with high precision tasks
to evaluate the utility of multi-spatial resolution sensing.

Real-World Setup: We evaluate our approach on two real-world tasks. For
precise manipulation (Q1) we use an insertion task to insert different blocks into
cylindrical pegs (Figure 4.3 (Right top)). We also evaluate generalization abilities
(Q3) using a pickup task, wherein we use 2 train objects and evaluate the learned
policy on 8 objects with different geometry (shape, size) and visual (color, texture)
features. Additional details on each environment are provided in Appendix C.1

4.4.2 Baselines
We compare our approach against recent methods which focus on learning gener-

alizable policies in multi-task settings. We compare against RT-1(63) which proposes
a transformer based policy and also against BC-Zero (64) which uses language condi-
tioning using FiLM (114). However, both (63; 64) focus on coarse manipulation tasks
and operate at a single-resolution (both temporal and spatial). To the best of our
knowledge no prior work focuses on a multi-resolution approach for multi-task learn-
ing. Hence, to highlight the benefit of each component of our approach and answer
the questions posed in Section 3.4 we modify our approach along different axes and
propose additional baselines below.

Spatial Resolution baselines: To verify the utility of multiple spatial resolu-
tions (Q1) we modify our approach and remove one sensory modality at a time. We
use π−Ih, π−I3, π−F T to refer to policies which remove first-person (hand view), 3rd
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person view and force-torque respectively.
Temporal Resolution baselines: To answer Q2 we compare against single

temporal-resolution approaches (Figure 4.4 (Left)), i.e., where all modalities (includ-
ing force-torque) operate at the same frequency. We introduce two baselines, 1)
πhigh-res : small models with fast inference for both cameras (20Hz), and 2) πlow-res :
larger models with slow inference for both cameras (5Hz).

Robustness baselines: We compare visual-semantic generalization ability of our
approach (Q3) against two baselines (Figure 4.4 (Right)): 1) πmulti-res-FT: Finetune
the pretrained VLM model, 2a) πI3-Frozen: Uses only third-person camera (and force-
torque) and keeps the pretrained model frozen. 2b) πI3-FT: Uses only third-person
camera (and force-torque) but finetunes the pretrained model.

Metrics: We use task success as the evaluation metric and report mean success
over all tasks. During training, we evaluate the policy every 4 epochs and report
average over top-5 mean success rates across all evaluation epochs. For task gener-
alization (Q3) we evaluate the train policy on novel visual-semantic tasks not seen
during training. For all evaluations we use 20 rollouts per task. Further training
details are provided in Appendix C.2.1.

4.5 Experimental Results
First, we evaluate the effectiveness of our multi-resolution approach against com-

mon multi-task baselines, RT-1(63) and BC-Zero(64). We then present results for
each research question. For qualitative results see: https://sites.google.com/
view/multi-res-real-time-control.

4.5.1 Comparison to Multi-Task Baselines
Table 4.1 shows the results for the multi-task baselines RT-1(63) and BC-Zero(64)

across all task We note that for coarse manipulation tasks (MT-Coarse) these base-
lines, that use single camera views, can perform quite well. This is because these tasks
only require coarse localization of the target object for task completion. However, for
precise manipulation tasks (MT-Precise), such baselines perform quite poorly since
these tasks require fine-grained grasping (as many objects are ≈ 1cm in size) and
insertion for successful task completion.

MT-Coarse MT-Precise MT-Dynamic
RT-1 81.0 12.5 4.5
BC-Z 74.1 7.8 4.8
Ours 82.0 55.0 73.6

Table 4.1: Task success comparison for
multi-task baselines across all task do-
mains.

On the other hand, our multi-resolution ap-
proach, performs much better as it uses the
first-person camera view and force-feedback for
finer grasping and insertion. For dynamic tasks
(MT-Dynamic), our method considerably out-
performs the baselines (1.5x). This is because
dynamic tasks require reactive response to con-
tact events.
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π−Ih π−I3 π−F T Ours
MT-Coarse 74.5 41.0 81.8 82.0
MT-Precise 7.7 29.6 56.1 55.0
MT-Dynamic 65.8 27.5 33.2 73.6

Table 4.2: Results for multi-spatial resolu-
tion experiments (Section 4.5.2). Here, − im-
plies that we remove this input from policy.
Thus, π−Ih implies that the policy only operates
on third-person camera views and force-torque
feedback.

πlow-res πhigh-res Ours
MT-Coarse 82.0 81.0 82.0
MT-Precise 53.4 56.2 55.0
MT-Dynamic 4.2 12.2 73.6

Table 4.3: Results for multi-temporal
resolution experiments (Section 4.5.2).
Here, both πlow-res and πhigh-res are single-
resolution approaches which run at 5 Hz
and 20 Hz respectively, while ours is a
multi-resolution approach.

Only our multi-temporal resolution approach utilizes high spatial and temporal res-
olution sensing, enabling fast response to contact events.

4.5.2 Additional Baseline Comparisons
Q1 – Spatial Resolution Experiments: We now compare against the spatial

resolution baselines discussed in Section 6.4.1. For this set of baselines all methods
use multi-temporal resolution sensing with high-frequency force-torque feedback. Ta-
ble 4.2 shows results across all task settings. For MT-Coarse we see that only using
a first-person camera (π−I3) performs poorly. This is because of partial observabil-
ity in this view, i.e., the target object can be out of view and lead to task failure.
On the other hand, for MT-Precise (Row 2), only using first-person camera (π−I3)
performs better (≈ 2×) than using only the third-person camera (π−Ih). This is
because MT-Precise tasks require finer motions which are hard to perform from low
spatial resolution (third-person) view only. Further, for dynamic tasks (Row 3), using
first-person views alone again suffers because of partial observability.

Q2 – Temporal Resolution Experiments: Table 4.3 compares against single-
temporal resolution baselines (πlow-res and πhigh-res ). Table 4.2 shows that for coarse
and precise domains single-resolution perform as well as our multi-resolution ap-
proach. This is because tasks in both domains are quasi-static and hence fast reac-
tion to contact events is not critical for task success. On the other hand, for dynamic
tasks (Table 4.2 bottom row), since fast response to contact events is necessary (to
avoid failures such as object toppling, see Figure 4.5) our multi-resolution approach
performs better than both πlow-res (5Hz) and πhigh-res (20Hz) since it incorporates force
feedback at 75Hz.
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Figure 4.5: Example failure case for MT-Dynamic (Ballbot) task. As can be seen in
the figure, if the robot approaches the object but does not react fast enough to the
object contact, the block can topple resulting in task failure.

πI3-Frozen πI3-FT πmulti-res-FT Ours
MT-Coarse (Visual) 74.5 / 7.1 81.8 / 25.8 82.4 / 45.6 82.0 / 72.3
MT-Coarse (Geometry) 44.2 / 16.8 56.4 / 18.4 60.7 / 31.9 58.9 / 44.6
MT-Precise (Visual) 7.7 / 4.5 15.6 / 9.2 56.4 / 31.9 55.0 / 48.1

Table 4.4: Robustness experiment results, each cell shows train/heldout success rate (Section 4.5.2)
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Figure 4.6: Left: Ablation results (see Section 4.5.3). Right: Robustness result for real-world
pickup.
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Q3 – Robustness Experiments: Table 4.4 compares results (train / heldout)
for visual-semantic generalization against the robustness baselines in Section 6.4.1.
As noted previously, for these experiments we evaluate the trained policies on heldout
environments (see Appendix C.2.1 for details). We note that our approach, with
frozen pretrained model, generalizes better than the finetuned model πmulti-res-FT.
This shows the ability of our approach to maintain the generalization capabilities of
the pretrained VLM as compared to the finetuned model that suffers from ’forgetting’
and representation drift towards the training tasks. Additionally, from column-1 and
column-2, we again note that the finetuned πI3-FT model suffers a larger decrease in
performance as compared to πI3-Frozen. Finally, comparing πI3-FT against πmulti-res-FT,
we see that even with finetuning our multi-spatial resolution approach generalizes
better because it can utilize first-person views for improved task success.

Real-World Experiments: We evaluate our approach in the real-world on two
tasks, pickup and peg-insertion (35). Table 4.5 shows comparison against the spa-
tial resolution baselines. We note that our approach, with multi-spatial resolution,
performs ≈ 3× better than the baselines on both tasks.

π−Ih π−I3 π−F T Ours
Pickup 7.5 (3.5) 20.0 (14.1) 67.5 (3.5) 75.0 (7.0)
Peg-Insert 10.0 (0.0) 12.5 (4.6) 42.5 (3.5) 67.5 (3.5)

Table 4.5: Mean (stdev) results (using
2 seeds) for multi-spatial resolution for real
world tasks.

We see that given limited demonstra-
tions both π−I3 and π−Ih fail to perform well
(across both tasks). On the other hand, re-
moving force-torque feedback π−Ih only af-
fects performance on insertion task (≈ 20%
less) since this task relies more on contact
feedback. Additionally, Figure 4.6 (c) fig-
ure plots the robustness result for pickup
task. As before we see that our approach
with frozen model performs better. See website for qualitative results.

4.5.3 Ablations
We further ablate the different components of our proposed approach. Due

to space limitations we only summarize key findings and provide details in Ap-
pendix C.3.2

Pixel-Level Augmentations: We evaluate the effect of pixel-level augmenta-
tions (color jitter, gray-scale) on the training and generalization of our MT-policies
on MT-Coarse. Figure 4.6 reports results on both training and heldout (novel) eval-
uation configurations. We see that while there is very little difference in training per-
formance, extensive pixel-level augmentations helps generalization by close to ≈ 15%.
While pixel-level augmentations change the semantics of the task, our multi-modal
approach is still able to complete the task because of visual-language grounded pro-
vided from pretraining.

Spatial Sensor Fusion using Cross-Attention: We compare use of early
fusion using cross-attention with late fusion using concatenation. Figure 4.6 (a) (green
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bar) shows that using cross-attention improves the performance by around ≈ 8% on
both train and heldout configuration. Thus, using cross-attention for multi-modal
fusion is more effective than concatenation. However, we note that cross-attention
requires more parameters and has slower inference.

Effect of Pretraining: We also evaluate the effects of using pretrained-VLMs.
Figure 4.6 (a) (yellow bar) shows the training and heldout performance using Im-
ageNet initialization which only has visual pretraining and no vision-language pre-
training. We see that while training performance matches our approach the heldout
performance decreases tremendously. This large decrease is due to missing visual-
language grounding since we use separately trained visual and language models. We
also evaluate the effects of using pretrained-VLMs.

4.6 Conclusions and Limitations
Our work proposes using sensing modalities at multiple spatial and temporal res-

olutions for learning multi-task manipulation policies. Our multi-resolution approach
captures information at multiple hierarchies and allows the robot to perform both
coarse and fine motions with high reactivity and real-time control. To learn general-
izable multi-task policies we further leverage off-the-shelf pretrained vision-language
models and freeze them to maintain their robustness. Our work has several limi-
tations. While our proposed framework is general for multi-spatial sensing we only
rely on global third-person camera and local first-person camera view. Further local
sensing using vibro-tactile sensors (121; 122; 123) was not explored. Further, it is
unclear if our approach of using cross-attention for sensor fusion will be optimal for
more than 2 sensors. Additionally, while our multi-resolution policy allows us to learn
robust policies not all sensing modalities will be available for all tasks. Thus, future
work should explore adapting to scenarios with missing sensing modalities.
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5
VLTSafe:

Vision-Language Guided
Safe Dynamic

Manipulation via
Object-Centric

Transformers

Safely executing dynamic manipulation tasks—like pulling a box from under a
stack—in cluttered, open-world environments is challenging. Robots must identify
implicit safety constraints (e.g., avoid collapsing stacks or hitting fragile items) while
simultaneously reasoning about the combinatorially large number of interactions and
their long-term safety consequences (e.g., aggressively pulling an object from under a
stack will cause it to fall and hit nearby objects). In this work, we present VLTSafe:
Vision-Language guided Transformers for Safe manipulation, a framework for safe
dynamic manipulation that leverages vision-language models (VLMs) to translate se-
mantic safety concepts into geometric constraints, and object-centric transformers to
learn generalizable low-level safe policies. To tractably learn policies that scale well
to complex cluttered settings, we: (i) utilize a transformer architecture, representing
objects as tokens, enabling a single policy to be deployed in variable degrees of clutter;
(ii) consider diverse combinations of constraint types during training, enabling gener-
alization to novel test-time constraint compositions; and (iii) optimize a reach-avoid
reinforcement learning objective to train a parameterized policy that reasons about
long-term safety as well as task completion. At test time, VLTSafe uses a VLM to
identify relevant geometric constraints from RGB images and a textual task descrip-
tion, enabling open-world constraint specification. In both simulation and hardware
experiments with a Franka Panda arm, VLTSafe infers nuanced constraints and goals
(e.g., soft loofahs can safely be pushed out of the way) that cannot be easily identified
with hand-designed heuristics. Furthermore, the learned safe policy shows zero-shot
generalization to highly cluttered scenes and novel constraint compositions owing to
the transformer’s time-varying attention over relevant objects.
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5.1 Introduction
Consider a robot manipulator that must carefully pull a box from under a stack

while surrounded by clutter on a table, then place the box on the far side of the table
away from any fragile objects. Accomplishing this task safely requires the robot to
reason about many types of interactions and constraints, some of which are directly
influenced by the dynamics of the interaction (the top boxes can be flipped over or
thrown off the table if the bottom box is pulled aggressively), and others that are se-
mantically informed by the semantic properties of interacting objects – making gentle
contact with fragile objects but freely pushing soft objects out of the way to complete
the task. All of these interactions must be accounted for, with their corresponding
safety constraints respected, while completing the task of pulling a box from under a
stack and placing it at a goal location. However, as the environment becomes more
complex, explicitly modeling all possible interaction combinations quickly becomes
intractable.

In this work, we seek to compute low-level control policies that can safely perform
dynamic manipulation tasks in arbitrary cluttered environments and with nuanced
robot-object interaction constraints. The core challenge lies in tractably computing
a policy which preserves test-time generalization to novel constraint compositions,
object configurations, and degrees of clutter. To tackle this, we introduce VLT-
Safe, framework for safe dynamic manipulation that leverages vision-language mod-
els (VLMs) as a test-time constraint specifier and a sim-to-real training recipe for
learning generalizable low-level safe policies.

Specifically, VLTSafe builds on an object-centric transformer policy architecture,
where each object in the scene is represented as a token enriched with constraint at-
tributes derived from a vision-language model’s (VLM) analysis of the scene. We
design a custom attention mask based on the key insight that, in cluttered environ-
ments, only a small subset of objects are relevant for safe decision-making at any
given time. This attention mechanism guides the transformer to focus on critical
interactions without being ‘distracted’ by irrelevant context. We train this parame-
terized policy entirely in simulation using a reach-avoid reinforcement learning (RL)
objective (124), which allows the model to reason about satisfying long-horizon safety
constraints while pursuing the task goal. During training, we systematically vary both
the level of clutter and the composition of constraints, encouraging the policy to learn
how different object interactions impact long-term safety across a wide range of sce-
narios. The result is a single transformer-based policy that generalizes to scenes with
varying numbers and types of objects and constraints, without requiring retraining.
At test time, given a single image and a task description, an off-the-shelf VLM identi-
fies relevant safety constraints (e.g., ”do not touch fragile objects” or ”avoid toppling
the stack of boxes”) and goal specifications (e.g., ”place the box away from fragile
objects”). These high-level instructions are translated into geometric constraint pa-
rameters, which are then used to condition the transformer policy for deployment in
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novel environments.
We evaluate VLTSafe in controlled simulation experiments and we zero-shot

deploy the policy from sim to real on a 7-DoF Franka Panda arm performing the
motivating dynamic manipulation task. We find that VLTSafe achieves strong zero-
shot generalization to novel constraint compositions and significantly higher levels of
clutter than those seen during training. It consistently outperforms baseline meth-
ods, achieving higher safe success rates and lower failure rates. Our custom attention
masking proves crucial for generalization, particularly due to its ability to focus at-
tention on the most relevant objects in cluttered scenes. Moreover, training with
diverse constraint types further improves robustness, enabling effective deployment
to novel constraint compositions without the need for retraining.

5.2 Related work
Safe Control for Robotic Manipulation Impedance and null space control are
widely used to ensure compliant interactions in robotic manipulation. Impedance
control modulates stiffness and damping properties to enable safe and adaptive in-
teractions with the environment (125; 126), while null space control allows secondary
objectives like collision avoidance to be incorporated without interfering with pri-
mary tasks (127; 128). In contrast, contact-aware controllers explicitly reason about
contact interactions to keep interaction forces below a safety threshold (129; 130). Re-
cent work has focused on learning contact-aware complaint controllers using expert
demonstrations (131; 132) and RL (133; 134; 135). Our work builds on these efforts
by enabling contact-aware control through reachability-based methods in cluttered
environments.
Reachability-based Safe Control Hamilton-Jacobi reachability analysis (136; 137;
138) provides theoretical formulations for finding the solution to nonlinear reach-avoid
control problems by minimizing the worst case (minimum over time) loss. Compared
to approaches that minimize the cumulative loss over time (139; 140), HJR analysis
provides rigorous safety assurances, ensuring that the system avoids unsafe states
under worst-case scenarios. However, HJR becomes computationally intractable as
the dimension of the state space increases (141). Recent methods (124; 142; 143) take
inspiration from RL-based approaches (144; 145) to extend reachability analysis to
higher dimensions using a discounted formulation of the reach-avoid bellman equation.
Leveraging HJR analysis for learning safe policies in dynamic, cluttered manipula-
tion remains underexplored due to the high dimensionality of complex multi-body
interactions.
Semantic Safe Planning using Vision-Language Models Recent works have
explored incorporating semantic safety into task planning. (146) integrate safety
prompts in the code-as-policies (147) setup, while (148) use LLMs to decompose
high-level tasks into subtasks and verify them against LTL specifications. Other
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approaches infer user preferences through demonstrations and active queries (149).
Semantic constraints derived from VLMs have been used for planning, with simulators
verifying feasibility (150; 151). However, these approaches primarily focus on quasi-
static tasks without long-horizon reasoning. Most relevant to our work is (152),
which incorporates dynamic constraints within a formal safety framework. However,
it requires manually designing barrier functions for each constraint type, and the
policy accounts for all constraints simultaneously, making it impractical for cluttered
environments. Our approach leverages RARL to learn safety value functions that can
be solved for both liveness and safety based on a subset of relevant task and safety
constraints.

5.3 Problem Formulation and the VLTSafe Method
In this work, our goal is to compute low-level robot policies that can safely per-

form dynamic manipulation tasks in cluttered environments with nuanced object
interaction constraints. We first formalize the problem mathematically, revealing
the underlying challenges. We then present our approach—VLTSafe—which breaks
down these challenges by training an object-centric transformer policy that is in-
formed about relevant safety constraints at test-time by a vision-language model.
Our proposed approach is shown in Fig. 5.1.
Notation

We model the robot’s state as the position and velocity of the end-effector sEE =
[xEE, ẋEE] where xEE ∈ R3 is the Cartesian position and ẋEE ∈ R3 is the velocity.
Let each object’s state be represented by so

i = [xo
i , ẋo

i ], i ∈ {1, . . . , N} where N is the
total number of objects in the cluttered scene. We denote the full state of the robot
and the objects via s = [sEE, so

1, . . . , so
N ] ∈ S where S is the full state space. Finally,

let the robot’s actions a ∈ A be represented as the Cartesian displacement of the end
effector ∆xEE ∈ R3. In this work, we do not assume access to an analytic dynamics
model st+1 = f(st, at), but instead rely on a high-fidelity simulator (153) to evolve
the robot and object states as a result of the robot’s actions and physical interaction.
Safety Constraint & Task Target Representation We represent safety con-
straints as a failure set, F ⊂ S, which encodes the forbidden robot-object, object-
object or object-environment states. For example, the failure set can prohibit high-
velocity contact with fragile objects while permitting arbitrary interactions with soft
objects. We seek robot policies that not only comply with this safety specification
but are also guaranteed to complete a task. Let the target set, T ⊂ S, be the set
of all states that satisfy the robot’s task (i.e., reach a goal). For example, placing a
book on an empty shelf.
Goal: A Safe Dynamic Manipulation Policy Adaptable to Test-time Ob-
jects and Constraints Our goal is to find a low-level robot policy π : S → A which
respects the safety constraints F while also achieving the desired task target T . To
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enable test-time adaptation to relevant constraints and targets in the deployment
environment, we parameterize the policy via the constraints and targets, denoted by
πF ,T . Formally, we model this problem as a reach-avoid problem (124; 137; 138).
In order to compute the policy which satisfies both properties, we pose a Hamilton-
Jacobi reachability problem (136). Here, the failure set is encoded via the function
g(·;F) and the target set via ℓ(·; T ) where

g(s;F) < 0 ⇐⇒ s ∈ F , ℓ(s; T ) ≥ 0 ⇐⇒ s ∈ T .

To jointly account for multiple constraints, we define g(s;F) := min(g1(s), . . . , gq(s))
where q is the number of safety constraints and to account for multiple task goals, we
define ℓ(s; T ) := min(ℓ1(s), . . . , ℓp(s)) where p is the number of task objectives. Note
that both of these functions must be parameterized by the relevant constraint or goal
specification.

Following (124; 137), we formulate our policy optimization problem as:

V (s;F , T ) := max
πF,T

{
max
t≥0

min
{
ℓ(ξπ

s (t); T ), min{g(ξπ
s (t);F)}

}}
. (5.1)

where ξπ
s is a state trajectory starting from state s and executing π, and we index

into this trajectory at any discrete time via (t) notation. The inner optimization
(starting with maxt≥0) “remembers” if the robot was able to reach the target T
without violating the constraint F . The value function will be positive only if both
reaching and avoiding happen successfully. The policy’s goal is to maximize this
objective, hence reaching the goal without ever violating the specified constraints.
Challenge: Tractable Computation while Preserving Test-Time General-
ization Solving the above optimization over all possible objects, tasks, and safety con-
straints is intractable. While restricting to a predefined subset simplifies the problem,
it limits safe deployment in novel environments. Therefore, we need an approach that
generalizes safe policies across diverse objects and constraint compositions to enable
safe deployment in open-world, cluttered environments.

5.3.1 Offline: Safe Policy Learning via Object-Centric Trans-
formers & Reach-Avoid RL

Policy Representation: Masked Object-centric Transformer Architecture
We propose an object-centric transformer-based model (154) as our policy represen-
tation (Fig. 5.2). This architecture offers two key advantages. First, its input rep-
resentation is flexible, supporting a variable number of objects and constraint types
at test time. Second, by structuring the transformer’s attention mask we can control
how the policy attends to objects in extremely cluttered scenes. Our aim is to learn
a policy πF ,T parameterized via constraints and targets, hence we concatenate the
input observations with the parameters of the failure ϕ and target τ sets, such that
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Figure 5.1: Method Overview: (left) In simulation, we train a parameterized object-centric
transformer policy using reach-avoid reinforcement learning with diverse environments, tasks, and
safety constraints. (right) At test time, given an RGB image, task description, and a constraint
vocabulary, a vision-language model (VLM) infers the relevant semantic goals and safety constraints
for each object. Our training recipe enables zero-shot sim2real transfer and generalization to novel
constraint compositions in highly cluttered scenes.

state of each object becomes [s, ϕ, τ ]. These observations are tokenized through a two-
layer MLP and subsequently processed using two layers of multi-head self-attention,
where the attention mechanism is guided by a custom attention mask. We design
our custom attention mask based on a key insight: in cluttered environments, only a
small subset of objects are ”relevant” for safe decision-making at any given time step.
Consequently, our custom attention mask prioritizes attention to the most relevant
neighboring objects. Since we use multiple attention layers, the mask does not fully
block information from more distant objects–it simply biases attention toward closer
ones. Specifically, all object tokens attend to the end-effector tokens and vice versa,
while object-to-object attention is restricted to their k-nearest neighbors, where k
is task-dependent and can vary across objects (e.g., in our experiments, we choose
k = 3), while also allowing objects in the stack to always attend to one another.
Policy Optimization: Reach-Avoid Reinforcement Learning With our pol-
icy architecture setup, we now turn to policy optimization. Recall the reach-avoid
optimization problem we formulated in Equation 5.1. Exact grid-based dynamic
programming solvers are intractable for the high-dimensional state space represen-
tation we use in this work. Thus, to tractably compute a reach-avoid policy, we
use a reinforcement-learning based relaxation of this optimization. Specifically, we
adopt the time-discounted reach-avoid Bellman backup from (124) which discounts
the safety value function to induce a contraction mapping, yeilding the reach-avoid
problem compatible with off-the-shelf reinforcement learning solvers.

Q(s, a;F , T ) = (1−γ) min
{
ℓ(s; T ), g(s;F)

}
+γ min

{
g(s;F), max

{
ℓ(s; T ), Q(s′, a′;F , T )

}}
where γ ∈ [0, 1) is the discount factor, which can be interpreted as the probability

of episode continuation. We utilize Deep Deterministic Policy Gradient (DDPG)
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Figure 5.2: VLTSafe System Architecture: Actor and critic networks are object-centric
transformer-based models. Observations are augmented with parameters of the target τ and failure
set ϕ and tokenized. These tokens are processed using multi-head self-attention with a custom at-
tention mask. Output tokens are aggregated and used to output action (actor) and value estimate
(critic).

(155) as our RL framework wherein the bellman update is modified to incorporate the
time-discounted reach-avoid Bellman backup (Equations in Appendix D.1.) We model
both the actor and critic using object-centric transformer architectures (Fig. 5.2). The
actor network encodes observation tokens with a transformer, whose output tokens
are aggregated via mean pooling and passed through a 2-layer MLP policy head to
produce the next action. Critic network jointly encodes state and action tokens using
a separate transformer with two layers of multi-head self-attention. The resulting
token embeddings are aggregated and concatenated with the action, then passed
through a two-layer MLP value head to estimate the Q-value.

5.3.2 Online: Adapting via Safety Constraints Inferred from
Vision-Language Models

The prior section allowed us to pre-compute a low-level robot policy which given
the current state of the scene s, a safety specification F , and a goal specification T
safely performs the task. The question is, at deployment time, how can the robot
know what are the “relevant” safety constraints F and how they may impact which
goals T are and aren’t allowed? Here, we propose using a vision-language model
(VLM) as an open-world constraint and target specifier. Given the current image of
the scene I and a text prompt describing the task Ltask, the VLM should use the
visual and semantic cues to select the relevant safety and targets that are passed into
the low-level policy.

However, a large challenge with using VLMs is the right interface between textual
representation (that the VLM is trained to output) and the embodied representa-
tion (e.g., robot states, objects, etc.) that our robot policy needs at test-time to
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adapt. To bridge this gap, we model the selection of constraints/targets as a multiple
choice visual question-answering (VQA) problem where the multiple choice options
are generated via pre-defined geometric constraint and target functions. In the fu-
ture, we envision the possibility of these functions to be written by another LLM
based model (e.g., as in Code-as-Policies (147)). We first convert the set of all geo-
metric constraints T ,F we can generate with our functions to corresponding textual
descriptions LF ,LT . For example, a hard collision-avoidance constraint between two
interacting bodies is represented in text as:

Math Representation of F : g(sEE, scup) = ||xEE − xcup|| − ϵ (5.2)
Text Representation of F : LF(<EE>, <cup>) = <no contact> (5.3)

For the target set, the geometric objectiveplacing a book on an empty book shelf can
be written as:

Math Representation of T : ℓ(xbook) = (||xbook − xshelf|| − ϵ (5.4)
Text Representation of T : LT (<book>) = <second shelf>, (5.5)

if the VLM detects the second shelf to be empty. Note that without a VLM, such
open-world specifications would need to be manually specified by an expert designer.
Once the set of semantic constraints are selected by the VLM, they can be converted
back to their geometric formulations and used to parameterize the learned policy for
execution. Constraints are identified at the beginning of each episode (t = 0) and
kept fixed for the duration of the rollout.

5.4 Simulation Experiments
We first devised a series of simulation experiments to carefully test the impact

of each of our design decisions on overall task performance. Specifically, we ask the
questions (1) When the training and test environments are the same, how much does
the transformer architecture influence task success?, (2) How well can our approach
generalize to varying degrees of novel, test-time object clutter?, and (3) How well
does our approach generalize to novel, test-time constraint compositions?

5.4.1 Experimental Setup
Environment & Task In all experiments, we use a tabletop setup where a Franka
robot interacts with household objects (Fig. 5.5). The task involves quickly but safely
pulling a cereal box from under another box on a cluttered tabletop and placing it in
a goal region. We simulate the robot and environment dynamics with MuJoCo (153)
and use the Google Scanned Objects Dataset (156; 157; 158) to simulate everyday
objects in the table arena defined in Robosuite (159).
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Safety and Target Representation
Intuitively, the safety constraints capture how the stack of boxes should remain

stable as the robot pulls the cereal box from underneath, modeling critical robot-
object interactions. Specifically, F enforces that the top cereal box does not displace
beyond a threshold, the end-effector avoids contact with fragile objects, may make
limited-velocity contact with soft objects, can freely interact with durable objects, and
must not move over sensitive items like a laptop. Since these constraints depend on
the semantic properties of objects, the VLM assigns constraint types via the param-
eterization ϕ ∈ {no-contact, soft-contact, any-contact, do not move over}. The target
set T defines successful task completion as the bottom cereal box being fully sepa-
rated from the top box and placed in a goal region at the far end of the table. This
yields two possible targets – top-goal and bottom-goal – which the VLM selects at
deployment time via the parameterization τ ∈ {top-goal, bottom-goal}. Additional
implementation details are provided in Appendix D.2.
VLM for Test-Time Safety and Target Specification We use GPT-4o (160)
as the VLM. It is queried once at the beginning of a test episode to identify the
constraint types relevant to all objects in the scene and to select the target constraint
that is most appropriate for the task. The full prompt for the constraint selection is
provided in Appendix D.3
Metrics We measure (1) safe success rate (SafeSucc %) defined as the percentage
of trajectories that complete the task safely (i.e., satisfy reach and avoid), (2) stack
safety violation rate (StackFail %) defined as the top cereal block moving outside of
safety limits, and (3) object safety violation rate (ObjFail %) percentage of objects
not in the stack that are unsafely interacted with.
Training details Model architectures and hyperparameters are provided in the Ap-
pendix D.2).

Method
Always Same Constraint (AllFragileConst) Random Constraints per Episode (RandomConst)

SafeSucc (%) ↑ StackFail (%) ↓ ObjFail (%) ↓ SafeSucc (%) ↑ StackFail (%) ↓ ObjFail (%) ↓

MLP 82 9 9 40.5 43.5 15.5
VLTSafe-NoMask 85.5 3.5 8.5 60.3 29.6 10.1
VLTSafe 95.5 0.5 4 78.5 11.5 4

Table 5.1: Policy Architecture vs. Performance. Comparison of our method
against baselines in two training domains, AllFragileConst and RandomConst

.

5.4.2 How much does the transformer policy architecture in-
fluence task success?

First, we study how much the transformer design influences the overall task suc-
cess, assuming the training and test environments are the same.
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Figure 5.3: Generalization: Varying Degrees of Clutter. Performance variation as the
number of objects is varied in the test scenario. Both VLTSafe vs VLTSafe-NoMask are trained
in the AllFragileConst domain with six objects. Black dotted line represents the number of objects
seen during training.

Methods We compare three policy architectures: VLTSafe which is our object-
centric transformer architecture with masking, VLTSafe-NoMask which has no
masking, MLP which is a MLP policy architecture. To ensure a fair comparison, we
kept the representation capacity (number of trainable parameters) roughly the same
across all models (see Appendix D.2 for details).
Training & Test Setup We train each policy in two training domains. First, we
train policies in the AllFragileConst domain where all objects are assigned the same
constraint type during all episodes: ϕ = no-contact (i.e. all objects are assumed to be
fragile). Next, we train policies in the RandomConst domain. Here, constraints for
each object are randomly sampled (from the set of constraints) at the start of each
episode during training. We train with only six objects in the scene and then deploy
with six objects in the scene, and the training and the test domain are identical.
Results We report all metrics described Sec. 5.4.1 in Table 6.1. We find that VLT-
Safe outperforms both baselines with the highest safe success rate and lowest failures
rates. Specifically, we find that the use of masking significantly helps the policy. We
hypothesize that, without masking, the transformer attends equally to all objects in
the scene, making the learning problem unnecessarily difficult. By restricting atten-
tion to only the most ”relevant” objects through masking, the model can focus on
critical near-term interactions – such as between the two cereal boxes – enabling more
effective learning of safer policies. This effect is further highlighted in RandomConst,
where VLTSafe-NoMask performs noticeably worse than VLTSafe. Futhermore,
even with the same representation capacity, the MLP model is unable to learn safe
policies that satisfy complex interactive constraints. This further highlights the ad-
vantage of using a transformer-based architecture.
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5.4.3 How well can our approach generalize to varying de-
grees of test-time clutter?

Methods Next, we study the ability of the policy to generalize to novel object/clutter
amounts at test-time. Since the MLP cannot handle arbitrary number of object at
test-time, we only compare VLTSafe and VLTSafe-NoMask.
Training & Test Setup During training, we only consider the AllFragileConst do-
main trained with six objects, as in Section 5.4.2. At test-time, we deploy each policy
in varying degrees of clutter–with 2,4,6,8,10, and 12 objects—to test generalization
to number of scene objects.
Results In Fig. 5.3, our quantitative results show that masking plays a large role
in enabling the policy to maintain performance and generalize to environments with
varying degrees of clutter. Specifically, with VLTSafe we see a 29% decrease in the
safe success rate when we double the number of objects from 6 to 12, while with
VLTSafe-NoMask we see a 60.5% decrease. Looking deeper into the failure modes,
we see that the main gains come from how VLTSafe maintains a near zero-percent
StackFail rate as we increase the number of objects. In contrast, for VLTSafe-
NoMask the StackFail rate increases to 20%. We hypothesize that, similar to 5.4.2,
this is again due to the capability of VLTSafe to focus on relevant objects and critical
near-term interactions without being ‘distracted’ by the apparent complexity of the
task.

5.4.4 How well does VLTSafe generalize to novel, test-time
constraint compositions?

Methods Next, we want to study how well our approach generalizes to novel con-
straint compositions at test-time. Here we only test VLTSafe.
Training & Test Setup

We train our policy in two settings: RandomConst, where constraints vary ran-
domly between episodes, and FixedConst, where constraints are fixed for each object.
Training is limited to 6-object scenes, and at test time, we evaluate generalization in
the RandomConst domain with 6, 8, and 10 objects and novel constraint combina-
tions.
Results Recall that at training-time (with six objects), VLTSafe achieves a safe
success rate of 79.5% in the FixedConst domain and a safe success rate of 78.5% in
RandomConst (star icon in Fig. 5.4). Note that this test scenario is novel for the policy
trained in FixedConst even with N=6, since during training the policy never saw
randomized object constraints. This explains the drop in performance (12.5 %) when
this policy is tested in RandomConst. For the policy trained with RandomConst,
only the 8 and 10-object environments are novel and, since the number of objects is
larger, the constraint composition is novel. In Fig. 5.4, we see that VLTSafe trained
with random combinations of constraints exhibits better generalization capabilities,
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Figure 5.4: Generalization: Constraint Compositions. Evaluating policies trained in Fixed-
Const and RandomConst domains with six objects, in RandomConst domain with increasing number
of objects.

compared to training with FixedConst, since it sees a larger variation in constraint
compositions during training. However, we note that this performance gap quickly
diminishes as the environment complexity increases and the task becomes significantly
more challenging than the train setting.

5.5 Real World Experiments
Hardware Setup and State Estimation We use a 7-DoF Franka Emika Panda
arm and an Azure Kinect RGB-D camera for both state estimation and image capture
for VLM-based constraint inference. State estimation relies on TapNet (161; 162), a
point tracking algorithm applied to RGB-D inputs. At the start of each trajectory,
we manually annotate object keypoints, a step that could be automated in future
work using VLMs. TapNet tracks object states at 17 Hz.
Sim-to-Real We deploy policies trained entirely in simulation directly in the real
world, without any real-world fine-tuning. The experimental setup including the
robot’s state space and the object configurations on the table closely matches that of
the simulation environment, enabling zero-shot transfer of policies trained in simula-
tion using object-centric observations, directly in the real world. We deploy the policy
trained in the RandomConst simulation domain. This policy was trained considering
six objects in the scene, however we test in scenes containing up to eight objects.
Results Fig. 5.5 shows a real world rollout of our learned policy in a scene with
eight objects in clutter. First, a VLM identifies the goal and object constraints:
Soft objects are typically assigned the <any contact> constraint, while mugs and
electronic items considered safety-critical are labeled as fragile <no contact>. When
prompted to choose between two target sets — one containing soft toys, and the
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Figure 5.5: Real-world deployment: Zero-shot sim-to-real transfer of a policy trained in simu-
lation (RandomConst, 6 objects) to a real-world setting with 8 objects. Constraints are first inferred
using a VLM. As the robot pulls the blue box from under the red one, it makes allowable contact
with the blue plush toy, then lifts to avoid the bowl and places the box safely in the goal region,
away from the fragile porcelain mug.

other containing a porcelain mug — the VLM selects the former, as interactions with
soft objects are safer. During execution, the robot briefly contacts the blue plush toy
while extracting the blue box – an acceptable interaction then lifts the end-effector
to avoid colliding with a nearby bowl. It ultimately places the box safely atop the
orange loofah and blue ball, both of which are deemed safe for contact. Additional
real world experiments are included in the Appendix D.4.

5.6 Conclusion
We introduce VLTSafe, an approach for learning low-level policies to safely per-

form dynamic tasks in cluttered environments. By leveraging vision-language mod-
els (VLMs) for open-world constraint synthesis, our object-centric transformer-based
policy demonstrates zero-shot generalization to high degrees of clutter and novel con-
straint compositions. Training with the reach-avoid reinforcement learning (RARL)
objective enables long-horizon safety reasoning and task accomplishment. VLTSafe
outperforms baseline approaches, achieving high safe success rates, low failure rates,
and strong generalization across novel scenarios.

5.7 Limitations
Our approach has several limitations. It relies on off-the-shelf state estimation

methods to enable learning of object-centric representations. While this enables
strong generalization and seamless sim-to-real transfer, it may limit performance in
certain scenarios. Future work will explore visual object proposals, which can im-
plicitly capture both geometric and semantic information, reducing reliance on tradi-
tional state estimation methods. Additionally, our experiments were constrained to
the Cartesian state space, but we aim to extend our approach to 6-DoF manipulation
for more dexterous and dynamic tasks.
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6
GraphEQA: Using 3D

Semantic Scene Graphs
for Real-time Embodied

Question Answering

In Embodied Question Answering (EQA), agents must explore and develop a se-
mantic understanding of an unseen environment to answer a situated question with
confidence. This problem remains challenging in robotics, due to the difficulties in
obtaining useful semantic representations, updating these representations online, and
leveraging prior world knowledge for efficient planning and exploration. To address
these limitations, we propose GraphEQA, a novel approach thatchapter utilizes real-
time 3D metric-semantic scene graphs (3DSGs) and task relevant images as multi-
modal memory for grounding Vision-Language Models (VLMs) to perform EQA tasks
in unseen environments. We employ a hierarchical planning approach that exploits
the hierarchical nature of 3DSGs for structured planning and semantics-guided explo-
ration. We evaluate GraphEQA in simulation on two benchmark datasets, HM-EQA
and OpenEQA, and demonstrate that it outperforms key baselines by completing
EQA tasks with higher success rates and fewer planning steps. We further demon-
strate GraphEQA in multiple real-world home and office environments. Videos and
code: grapheqa.github.io.

6.1 Introduction
Embodied Question Answering (EQA) (163) is a challenging task in robotics,

wherein an agent is required to explore and understand a previously unseen environ-
ment sufficiently well, to answer an embodied question in natural language. Accom-
plishing this task efficiently requires agents to rely on both commonsense knowledge
of human environments as well as ground its exploration strategy in the current en-
vironment context. For example, to answer the question “How many chairs are there
at the dining table?”, the agent might rely on commonsense knowledge to understand
that dining tables are often associated with dining rooms and dining rooms are usu-
ally near the kitchen towards the back of a home. A reasonable navigation strategy
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would involve navigating to the back of the house to locate a kitchen. To ground
this search in the current environment, however, requires the agent to continually
maintain an understanding of where it is, memory of where it has been, and what
further exploratory actions will lead it to relevant regions. Finally, the agent needs to
observe the target object(s) and perform visual grounding to reason about the number
of chairs around the dining table, and confidently answer the question correctly.

Maintaining a concise and effective memory and using it to take actions in the
environment is critical for solving EQA tasks. Prior works have demonstrated the
impressive commonsense reasoning capabilities of Vision Language Models (VLMs)
as planning agents, while leveraging a semantic map for retrieval (164) or semantic
exploration (165). In such approaches, the VLMs are not grounded in the current
environment, and commonsense reasoning and context-based decision-making are dis-
connected. Recent works (166; 167; 168; 169; 170) focus on maintaining memory
modules that can be queried by VLM agents for grounded planning. To construct a
semantically rich memory, prior works either maintain a large, extensive set of im-
ages (170; 171) or have to perform an expensive offline processing step to obtain a
compact representation (168; 169; 172). Thus, such semantic memory modules are
either semantically rich (164; 169; 173), compact (166; 167), or online (167), but not
all at the same time.

To address these limitations, we propose GraphEQA, an approach for embodied
question answering that builds an online, compact, multimodal semantic memory
combining global, semantically-sparse, and task-agnostic information from real-time
3D scene graphs (174) with local and semantically-rich information from task-relevant
images (172). GraphEQA uses this multimodal representation for grounding vision-
language planners to solve EQA tasks in unseen environments. Specifically, we uti-
lize a recent spatial perception system (174) that incrementally creates a real-time
3D metric-semantic hierarchical scene graph (3DSG), given sequential egocentric im-
age frames. We further augment this scene graph with semantic room labels and
semantically-enriched frontiers, while maintaining a task-relevant visual memory that
keeps track of task-relevant images as the robot explores the environment. Finally, we
employ a hierarchical planning approach that utilizes the hierarchical nature of scene
graphs and semantically relevant frontiers for structured planning and exploration in
an unseen environment before using the multimodal memory to answer the embodied
question with high confidence.

We demonstrate that given our real-time multimodal memory and hierarchical
planning approach, the agent is able to accomplish long-horizon tasks with signifi-
cantly fewer VLM planning steps, explores explainable task-relevant frontiers, and
succeeds in EQA tasks with a higher rate than previous approaches. We demonstrate
our results on the HM-EQA (165) and OpenEQA (175) datasets in the Habitat sim-
ulation environment (176) and also in the real world using the Hello Robot Stretch
mobile manipulator in two home and two office scenes. The key contributions of this
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Figure 6.1: Overview of GraphEQA: A novel approach for utilizing real-time 3D metric-
semantic hierarchical scene graphs and task-relevant images as multimodal memory for grounding
vision-language based planners to solve embodied question answering tasks in unseen environments.

work are as follows:

• We present GraphEQA, a novel approach for using real-time 3D metric-semantic
hierarchical scene graphs and task-relevant images as multimodal memory, for
grounding VLMs to solve EQA tasks in unseen environments.

• We propose an approach to enrich 3DSGs with 1) semantically enriched frontiers
and 2) semantic room labels.

• We propose a hierarchical VLM-based planning approach that exploits the hier-
archical nature of the enriched 3DSG for structured exploration and planning.

• We provide extensive experimental results, both in simulation on the HM-EQA
(165) and OpenEQA (175) datasets, and in the real-world in two home and two
office environments, using the Hello Robot Stretch RE2 mobile manipulator.

6.2 Preliminaries

6.2.1 Hierarchical 3D Metric-semantic Scene Graphs
3D metric-semantic scene graphs (3DSGs) provide a structured, layered repre-

sentation of environments and encode spatial, semantic, and relational information
(177; 178; 179). Recent works like Clio (180), Hydra (174), and Open Scene Graphs
(181) introduce efficient real-time frameworks for incremental construction of metric
and semantic SG layers, encoding low-level geometries as well as high-level seman-
tics at multiple levels of abstraction including objects, regions, rooms, buildings, etc.
3DSGs are comprised of layers that govern how buildings, rooms, objects, and regions
are connected, a structure we leverage in GraphEQA.

Hydra 3DSGs are comprised of the following layers: Layer 1 (bottom): a metric-
semantic 3D mesh, Layer 2 : objects and agent, Layer 3 : regions or places, Layer
4 : rooms, and Layer 5 (top): building. Intra-layer edges between nodes denote
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Figure 6.2: Overall GraphEQAarchitecture. As the agent explores the environment, it used
its sensor data (RGBD images, semantic map, camera poses and intrinsics) to construct a 3D metric-
semantic hierarchical scene graph (3DSG) as well as a 2D occupancy map for frontier selection in
real time. The constructed 3DSG is enriched as discussed in Section 6.3.2. From the set of images
collected during each trajectory execution, a task-relevant subset is selected, called the task-relevant
visual memory ( Section 6.3.3). A VLM-based planner ( Section 6.3.4) takes as input the enriched
scene graph, task-relevant visual memory, a history of past states and actions, and the embodied
question and outputs the answer, its confidence in the selected answer, and the next step it needs
to take in the environment. If the VLM agent is confident in its answer, the episode is terminated,
else the proposed action is executed in the environment and the process repeats.

’traversability’, while inter-layer edges denote ’belonging’. For example, an edge be-
tween regions in Layer 3 denotes traversability between these regions. An edge be-
tween an object and a room means the object is located in that room. 3DSGs are
constructed using RGB and depth images from the robot’s camera, camera pose and
camera intrinsics. Using off-the-shelf image segmentation models (182), the object
nodes are assigned semantic object labels.

6.2.2 2D Occupancy Mapping and Frontier Detection
3D voxel-based occupancy maps are a simple and effective way for storing explored,

occupied and unexplored regions of an environment for planning and navigation. As
the robot explores, using depth data and camera intrinsics, occupancy of the voxels
is updated using Volumetric Truncated Signed Distance Function (TSDF) fusion.
TSDF integrates depth observations to update voxels as occupied or free, while areas
beyond a certain threshold are marked unexplored. Typically, the 3D occupancy map
is projected into 2D, where frontiers/boundaries between explored and unexplored
regions are identified to guide further exploration. W employ this approach in our
method for identifying frontiers, clustering them and adding them to the scene graph.
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6.3 Method

6.3.1 Problem Formulation
An overview of our proposed method is shown in Figure 6.2. Given a multiple

choice question q, we wish to find the correct answer a∗ ∈ A where A is the set of
multiple-choice answers to question q available to the agent. To find a∗, the agent is
equipped with a VLM-based planner V(q,Se

t , {Ik}K
k=1,Ht, Xt) = (at, ct, ut), where Se

t

is the enriched scene graph constructed online at planning time t, and includes frontier
nodes from 2D the occupancy map (Section 6.2.2). {Ik}K

k=1 is a small set of task-
relevant images maintained in memory (Section 6.3.3), at is the current best answer
to the multiple choice question q and ut is the next action the agent should take in
the environment. Ht represents the accrued history up to time t and Xt represents
the current state of the agent. We query the VLM planner V (Section 6.3.4) at
time t with the inputs described above, with the scene graph Se

t continually being
constructed and a set of images {Ik}K

k=1 chosen based on task and semantic relevance.
The planner then outputs a high-level action ut which is executed in the environment
while the scene graph, visual memory, and frontiers are all updated in real time. In
the following sections we provide details for each of these components.

6.3.2 Scene Graph Construction and Enrichment
We use Hydra (174) to construct a layered metric-semantic scene graph (see Ap-

pendix E.3), while also maintaining a 2D occupancy map of the environment depicting
the explored, occupied, and unexplored navigable regions of the environment as men-
tioned in Section 6.2.2. We perform room and frontier enrichment steps to enable
semantic-guided exploration and hierarchical planning.
Room enrichment: Room nodes in Hydra’s 3DSG are assigned generic labels such
as R0, R1, etc. To enrich them with semantic information, we prompt an LLM to
assign semantic labels to each of the room nodes. We use a simple prompt “Which
room are these objects <object list> most likely located in?” where <object list> is
the list of all objects located in a certain room in the scene graph. The output of the
LLM is then used to update the room labels.
Frontier enrichment: To enrich our 3DSG with semantic information that can
enable task-relevant exploration, we extract frontier nodes from the 2D occupancy
map, cluster them, and add them as independent nodes to the scene graph. Next,
we find top-j object nodes nearest to each clustered frontier node, within a maximum
distance d. We add edges to the scene graph connecting each frontier node to its top-j
object neighbors. This semantic information can now be utilized by a VLM-based
planner to select the most semantically-relevant frontier to explore next. For general
exploration, for example, it could be useful to choose frontier nodes near doors. We
use j = 3 and d = 2 meters in our experiments, but can be varied based on the
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Figure 6.3: VLM Planner Architecture. The Hierarchical Vision-Language planner takes as
input the question, enriched scene graph, task-relevant visual memory, current state of the robot
(position and room) and a history of past states, actions, answers and confidence values. The planner
chooses the next <Goto Object node> action hierarchically by first selecting the room node and then
the object node. The <Goto Frontier node> action is chosen based on the object nodes connected
to the frontier via edges in the scene graph. The planner is asked to output a brief reasoning
behind choosing each action, an answer, confidence in its answer, reasoning behind the answer and
confidence, the next action, a brief description of the scene graph, and the visual memory.

environment.

6.3.3 Task-relevant Visual Memory
During action-execution, images are stored in a buffer at a specified sampling

frequency to avoid multiple similar repeated images. Images from this buffer, along
with keywords from the question/task, are then processed using SigLIP (183) to
obtain the text-image relevancy score for each image. Using this score, only the top-
K most relevant images are maintained in the buffer and the rest are discarded. We
use K = 2; we append these K images together, along with the agent’s current view,
and use it as the visual input to the VLM planner at the next planning step, as shown
in Figure 6.2.

6.3.4 Hierarchical Vision-Language Planner
Inputs: At every planning step t, the VLM planner takes as input a multiple-choice
question q, the set of multiple-choice answers A, the enriched scene graph Se

t , and the
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task-relevant visual memory {Ik}K
k=1; K is the number of images in memory. Addi-

tionally, we provide the planner with a structured history Ht and the agent’s current
state Xt; Xt is defined in the following format: "The agent is currently at node
<agent node id> at position <agent position> in room <room id> <room name>", where
information in ‘<·>’ is populated from Se

t (see Fig. 6.3).

Outputs: Given the above inputs, the planner must output an answer at ∈ A for q,
a boolean value ct ∈ {True, False} representing whether it is confident in answering
the question, its current numeric confidence level pc

t ∈ [0, 1], and the next action ut

that the agent should take. We require the planner to also output the reasoning
behind the choice of action and its confidence in the rationale. Finally, the plan-
ner is required to plan the next few steps, selecting from two high-level action types:
<Goto_Object_node>(object_id) and <Goto_Frontier_node>(frontier_id), where object_id
and frontier_id are selected from Se

t . Selecting an object node enables further visual
examination of relevant visited areas. Selecting a frontier node enables visitation of
unexplored areas. Finally, the planner is required to output a brief description of the
scene graph as well as a brief description of the input images. We update the history
Ht such that Ht+1 = Xt + at + ct + pc

t + ut +Ht.

Hierarchical planner and frontier exploration: For <Goto Object node>(object id)
action types, we enforce a hierarchical planning behavior by requiring the planner to
first reason about which room to go to by selecting a room node, then a region
node (within the selected room), and finally the object node to go to. This planning
behavior reflects the hierarchical structure of the 3DSG and forces the planner to
reason about the hierarchical semantics of the scene to explore and answer the ques-
tions. For <Goto Frontier node>(frontier id) action types, we require the planner
to provide rationale for its choice of frontier node by referring to the object nodes
connected to the selected frontier by edges in the scene graph, enforcing semantic
reasoning in the frontier-selection process so that chosen frontiers are task-relevant
and for information-gathering.

Termination condition: A planning episode is terminated when the planner out-
puts ct = True or pc

t > 0.9, i.e., when it is confident in answering the question. The
episode is also terminated if t > Tmax, when the maximum allowed planning steps
have been reached.

Prompt description: We provide the planner with a system prompt detailing how
to understand the scene graph structure, and explain the criteria behind choosing the
actions—hierarchically for object nodes and task-relevant or information-gathering
for frontier nodes. We explain that the 3DSG can be imperfect/incomplete and that
the planner should always seek visual confirmation before answering the question
with confidence while employing the scene graph as a semantic map for examining
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and exploring the scene. Finally, we prompt the VLM to provide a brief description
of the scene graph and the input images, focusing on elements in the scene that are
relevant to the current task. The complete prompt is available in Appendix E.4.

6.4 Experimental Setup
We identify the key research questions that this work aims to evaluate: Q1)

Do hierarchical 3D scene graphs provide an effective metric-semantic memory
for solving embodied question answering tasks? Q2) How does the real-time
nature of GraphEQA compare to offline approaches that provide the planner with
full-state scene graphs? Specifically, we aim to evaluate if GraphEQA can utilize in-
crementally constructed state information to solve EQA tasks and terminate based on
confidence, without needing to acquire full state information. Q3) Can GraphEQA
effectively combine and reason about the high-level, semantically-sparse and
task-agnostic information offered by scene graphs and the local, semantically-
rich and task-relevant information from visual memory to actively take infor-
mation gathering actions until it can confidently answer an embodied question?

6.4.1 Baselines and Ablations
To evaluate our method and answer the above research questions, we compare

against several baselines and focus on methods that employ VLM-based planners for
solving EQA or object goal navigation tasks. We compare against a strong baseline,
Explore-EQA (165), which calibrates Prismatic-VLM (184) to answer embodied
questions confidently while maintaining a 2D semantic memory and using prompted
images to guide exploration. Note that ExploreEQA is always executed for a pre-
specified maximum number of steps, with the highest confidence step chosen to answer
the question, while GraphEQA terminates based on a confidence threshold. We
implement additional variants of ExploreEQA with newer foundation models—e.g.,
GPT4o, Llama 4 Maverick, and Gemini 2.5 Pro—for fair comparison with respective
VLM variants of GraphEQA.

We also compare GraphEQAagainst a modified version of SayPlan (166) which
we call SayPlanVision. Similar to SayPlan, SayPlanVision first constructs a scene
graph of the whole scene offline and then uses this scene graph for planning. For fair
comparison, we further augment SayPlanVision with some abilities of GraphEQAin
order to evaluate the effectiveness of our real-time approach and to answer Q2; we
provide it with a task-relevant visual memory and confidence-based termination.

We further evaluate our method for Q3, using two ablations: GraphEQA-SG,
where the planner only has access to the real-time 3DSG and does not have access
to images; and GraphEQA-Vis, where the planner only takes the visual memory as
input and exploration is done via random frontier-based exploration. These ablations
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will help us evaluate the benefits of multimodality in GraphEQA.

Experimental Settings: Since we focus on multi-room environments, we evaluate
GraphEQAand the baselines mentioned in Section 6.4.1 in simulation in Habitat-
Sim (185) on scenes from HM3D-Semantics (176) on the HM-EQA and OpenEQA
datasets and in the real-world in two unique home environments. We perform nu-
merous experiments with different foundation models as the VLM planner, including
GPT4o, Gemini 2.5 Pro, and Llama 4 Maverick. For the real-world setup, we deploy
and evaluate our approach on the Hello Robot Stretch RE-2 1 mobile manipulation
platform. All experiments are conducted on a desktop machine with two (2) NVIDIA
TITAN RTX GPUs, 64GB of RAM, and an Intel i9-10900K CPU.

Resource Allocation: The average token count is broken down as 475 per im-
age (3 images), 1133 for the prompt, and on average 5,425 scene graph tokens, for a
total 7983 tokens per VLM step.

Metrics: We use the following three metrics to compare against the baselines and
ablations in Section 6.4.1: 1) Success Rate (%): an episode is considered a success if
the agent answers the embodied question correctly with high confidence; 2) Average
# Planning Steps: For successful episodes, we calculate the average number of VLM
planning steps. Note that while Explore-EQA runs for a preset maximum number
of steps and post-calculates the maximum confidence step, we report the number of
steps taken until the max confidence step; 3) Average Trajectory Length (meters): for
successful episodes, we calculate the average length of the path traveled by the robot.
For SayPlanVision, this includes the path traveled to generate the full scene graph.

6.5 Experimental Results
Comparison to Baselines. Table 6.1 shows simulation results comparing GraphEQA
to the baselines discussed in Section 6.4.1 on the HM-EQA and OpenEQA datasets.
Overall, GraphEQA outperforms all other baselines. Compared to Explore-EQA,
our method completes tasks in significantly fewer planning steps and with lower tra-
jectory length, indicating more efficient navigation. We also observe that the GPT
and Llama variants of Explore-EQA have lower success rates than Explore-EQA,
with qualitative results indicating overconfidence in VLMs’ predictions (see Appendix
E.8), leading to terminating episodes before exploring sufficiently. We note that
Explore-EQA’s Gemini variant performs better than Explore-EQA, likely due to
the inherent spatial reasoning capabilities of Gemini 2.5 Pro. GraphEQA outper-

1GraphEQAleverages the open-source codebase for Hello Robot’s stretch ai at
https://github.com/hello-robot/stretch ai
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Table 6.1: Comparison to simulation baselines for HM-EQA and OpenEQA datasets: Success
rate (%), average # of planning steps over successful trials, and Lτ average trajectory length over
successful trials. Methods with a † indicate our implementations of that particular baseline.

Method
HM-EQA OpenEQA

Success Rate (%) ↑ #Planning Steps ↓ Lτ (m) ↓ Success Rate (%) ↑ #Planning Steps ↓ Lτ (m) ↓
Explore-EQA (165) 51.7 18.7 38.1 55.3 20.8 39.7
Explore-EQA-GPT4o† 46.4 3.4 6.3 46.4 4.88 8.30
Explore-EQA-Llama4-Mav † 43.8 5.58 10.4 48.1 4.25 7.60
Explore-EQA-Gemini-2.5Pro † 54.3 6.40 12.3 53.0 6.45 10.9
SayPlanVision† 54.8 2.6 5.3 - - -
GraphEQA-GPT4o 63.5 5.1 12.6 69.1 3.97 8.29
GraphEQA-Llama4-Mav 57.7 2.36 3.59 53.3 2.37 3.45
GraphEQA-Gemini-2.5Pro 67.0 2.94 7.41 62.0 2.16 4.03

forms SayPlanVision even though SayPlanVision has access to the complete scene
graph. We discuss these results in more detail below.

Baseline And Ablation Study: Regarding Q1, we observe from Table 6.1 that
GraphEQA has higher success rate, compared to all Explore-EQA variants, across
both HM-EQA and OpenEQA datasets, without the need to build an explicit 2D se-
mantic task-specific memory. This demonstrates the capability of 3DSGs to provide
an effective metric-semantic memory for EQA tasks. We also observe that GraphEQA
requires a significantly lower number of planning steps as compared to Explore-
EQA. This is because, unlike Explore-EQA, GraphEQA does not entirely rely on
images as input to the VLM planner for building the semantic memory as well as
planning, as this would constrain the planner to choose from only regions that are
visible in the current image. GraphEQA, on the other hand, can use the hierarchical
structure of the scene graph as well as semantically-enriched frontier nodes to plan
across the entire explored space.

Additional error analysis in Appendix E.8 reveals that the GPT variant of Explore-
EQA has a significantly high percentage of false positives, i.e., questions that are an-
swered successfully using commonsense reasoning/guessing, but without grounding
the answer in the current scene. This provides additional evidence of the effective-
ness of 3DSGs in enabling semantic exploration by grounding the planner in the
current environment. Qualitatively, we observe that actions chosen by the planner,
<Goto Object node>(object id) and <Goto Frontier node>(frontier id), are task-specific
and explainable. For more qualitative results please refer to Appendix E.12. We
limit this error analysis to only the GPT variant since it is performed manually by a
human.

For Q2, we observe from Table 6.1 that GraphEQA performs better than Say-
PlanVision which has access to the complete scene graph. This is a surprising result
since it is expected that, given full scene graph information, SayPlanVision would
outperform GraphEQA across all metrics. However, from a qualitative analysis of
the results for SayPlanVision, we observe that given access to the complete scene
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graph, the context is too large, providing for a much harder inference problem for the
VLM. As a result, the agent is overconfident about its choice of object node actions,
leading to shorter trajectory lengths in successful cases, but also to increased failure
cases. This points to an interesting advantage of our real-time approach—that incre-
mentally building memory by exploring task-relevant regions and maintaining a more
concise representation benefits EQA tasks.

For Q3, the ablation results in Table 6.2 for GraphEQA-SG show lower suc-
cess rate, higher average planning steps, and higher average trajectory length, com-
pared to GraphEQA, as it only uses the 3DSG as textual input to the VLM planner,
demonstrating that a semantic scene graph constructed using closed-set semantics
and without any task-specific semantic enrichment will provide an incomplete and in-
sufficient environment understanding; GraphEQA’s task-relevant visual memory and
task-specific enrichment are crucial for solving EQA tasks. Furthermore, we note
that the performance of the vision-only ablation GraphEQA-Vis also suffers: this
is because the agent takes random exploratory actions in the environment, with no
semantic understanding of the scene structure to guide exploration. However, qual-
itatively we observe that without access to a scene graph to ground the agent in
the current environment, GraphEQA-Vis exhibits overconfidence (taking very few
planning steps) and tries to answer the question solely based on the current image.

Table 6.2: Ablations (Simulation): Success rate
(%), number of planning steps and Lτ the trajec-
tory length.

Ablation Succ. Rate (%) #Planning steps Lτ (m)
GraphEQA-SG 13.6 8.8 33.0
GraphEQA-Vis 45.7 1.0 3.9
GraphEQA 63.5 5.1 12.6

GraphEQA outperforms all ablations,
providing clear evidence on the utility
of a multimodal approach that combines
global spatial and semantic information
from 3D scene graphs with local but rich
semantic information from images, for
solving challenging EQA tasks. We also
observe from Table 6.1 that GraphEQA
exhibits lower average planning steps
and lower average trajectory length, while retaining a higher success rate, highlighting
the capability of GraphEQA to reason about multimodal data in the form of seman-
tically sparse and task-agnostic scene graphs and more semantically rich information
in the form of task-relevant visual memory. Additional ablations are available in Ap-
pendix E.6.

Real-world Experiments: We deploy GraphEQA on the Hello Robot Stretch
RE2 platform across two home and two office environments. We conduct ten trials in
Home (a) and five trials in Home (b), as summarized in Figure 6.4, which illustrates
representative runs from each setting. For each environment, we design a custom set
of Embodied Question Answering (EQA) tasks (see Appendix E.10), aligned with the
task categories described in Appendix E.2. To construct the underlying 3D metric-
semantic scene graph, GraphEQA employs Detic (182) for semantic segmentation and
integrates RGB-D images along with camera intrinsics and extrinsics as input to the
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(b)

Q: How many white cushions are there on the grey couch? A) 1. B) 2. C) 3. D) 4.

Planning step 1I will choose a frontier to explore unexplored areas.
Confident: False, Answer: 1<Goto_Frontier_node>

Planning step 1 Planning step 3 Planning step 5

I need to see the couch to count the cushions.
Confident: False, Answer: 1<Goto_Frontier_node>

Planning step 1The image clearly shows two white cushions on the 
grey couch. Confident: True, Answer: 2

Q: What is the color of the dehumidifier machine? A) Blue. B) 2. White and gray.

Planning step 1 Planning step 7 Planning step 9

Planning step 1The dehumidifier machine is not currently in the 
scene graph or visible. Exploring a frontier.

Confident: False, Answer: Blue<Goto_Frontier_node>

Planning step 1There are two white, boxy machines on the floor, 
likely dehumidifiers or air purifiers. One is gray.

Confident: True  Answer: White and gray

Planning step 1I need to find the dehumidifier to determine its 
color. I will explore a frontier.

Confident: False, Answer: Blue<Goto_Frontier_node>

Figure 6.4: Images from real-world experiments, deploying GraphEQA on the Hello Robot
Stretch RE2 platform in two unique home environments (a, b). Each set of images is from the head
camera on the Stretch robot, representing the top-K task-relevant images at each planning step as
it constructs the scene graph and attempts to answer the question with high confidence. Provided
under the images are planning step, answers, confidence, and explanations output from the VLM
planner.

Hydra scene graph generator (174). Results for the office environments are provided
in Appendix E.11.

6.6 Conclusions
We present GraphEQA, an approach for solving embodied question answering

tasks in unseen environments by grounding a vision-language based planner in the
context of the current environment by providing as input textual representations of
real-time 3D metric-semantic scene graphs and a task-relevant visual memory. We
show that GraphEQA achieves improved performance over existing approaches on
EQA tasks in both the HM-EQA and OpenEQA benchmarks, and validate perfor-
mance across both closed and open multimodal foundation models. Furthermore, we
validate its practical applicability through real-world deployments in two home and
two office environments.

6.7 Limitations
A limitation of this approach is reliance on off-the-shelf segmentation and de-

tection models for creating semantic maps required for 3DSG construction. The
performance of our approach, hence, is directly impacted by the performance of the
detection method used and the semantic categories in the scene graph are limited to
the categories detected by the segmentation model. An exciting direction for future
work includes enriching the scene graph online with task-relevant node and edge fea-
tures using open-set models. Another limitation of our approach is that VLM-based
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planners can be overconfident or underconfident when answering embodied questions.
Grounding calibrated models in real-time multi-modal memory is another important
direction for future work. Additionally, GraphEQA is currently limited to single-
floor scenes, and is unable to traverse multiple floors or buildings. Accommodating
multi-floor scenes is within the scope of future work.
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7 Conclusions

This thesis explores the challenge of enabling robots to perform dynamic ma-
nipulation tasks that require both generalization and reactivity. Unlike quasi-static
settings, dynamic manipulation involves long-term reasoning about object interac-
tions while also adapting to unexpected contacts and disturbances in real time. To
address this, we presented a series of contributions that collectively advance toward
generalist, safe, and lifelong robotic agents. These contributions span reactive and
predictive control, structured dynamics with attention, multi-resolution sensing with
VLM-based semantic understanding, safety-aware policies, and lifelong planning and
memory for open-world environments.
Reactive and Predictive Differentiable Control for Switching Dynamical
Systems: This work shows that dynamic manipulation benefits from policies that
couple foresight with reaction while explicitly accounting for contact-rich, switching
dynamics. In (1), we learn the parameters of a differentiable LQR policy that (i)
predicts future interactions to shape control before they occur, and (ii) reactive to
high-frequency force-torque feedback to remain reactive to unanticipated contacts
and modeling errors. Crucially, by learning the cost structure in a single scenario,
the same policy generalizes to new goal conditions simply by updating the goal terms
thus preserving the overall behavior style without retraining. Together, these ele-
ments deliver a contact-aware controller that is both predictive and robustly reactive,
enabling reliable performance across dynamic tasks and novel goals.
Learning Structured Dynamics for Generalization: Building on this founda-
tion, we extend our approach to more complex, switching dynamical systems where
interactions involve multiple objects and non-linear dynamics. Here, we emphasize
how structure and attention enable scalable generalization. In (2), we jointly learn
a dynamic graph structure and a locally linear dynamics model. This structured
representation enables the policy to attend to relevant objects and interactions while
ignoring irrelevant distractors, which in turn improves generalization. As a result, the
learned models transfer to novel objects, unseen interaction patterns, and increasingly
cluttered environments.
Generalization and Reactivity via Multiresolution sensing: We then turn to
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the challenge of deploying these policies in open-world environments where seman-
tics, object properties, and interactions are diverse. This requires unifying semantic
generalization with reactive control. Prior works typically emphasize one but neglect
the other, often focusing on quasi-static manipulation. We achieve both by lever-
aging multi-resolution sensing (3): visual and language modalities provide semantic
understanding, language-conditioning and rough localization, while forceâĂŞtorque
and proprioceptive feedback ensure reactivity and dexterity during contact-rich ma-
nipulation. Transformer-based architectures implicitly attend to the most relevant
modalities depending on context. Zero-shot generalization to new semantic varia-
tions is achieved by incorporating frozen pretrained vision-language models (VLMs),
while fine-tuned smaller policies integrate this semantic reasoning into closed-loop
control.
Safety in Dynamic Interactive Tasks: Safety is a critical requirement when
robots operate around diverse objects, including fragile items and humans, where
naive reactivity or collision avoidance is insufficient. For dynamic tasks, robots must
reason about long-term safe interactions while remaining agile and efficient. We
address this, in VLTSafe (5), by formulating a reach-avoid reinforcement learning
problem to learn policies that balance task success with long-term safety guarantees.
Transformer-based object-centric representations allow generalization to varying num-
bers of objects at test time, while pretrained VLMs provide semantic grounding for
safety reasoning with novel object categories. This combination ensures both physical
safety and semantic robustness in real-world deployments.
Towards Lifelong Robotic Operation: Finally, this thesis takes a step towards
lifelong robotic operation in open-world environments. We introduce GraphEQA
(4), a system for long-horizon exploration and planning in unseen environments.
GraphEQA grounds a VLM-based planner in a real-time metric-semantic multimodal
memory that captures both task-agnostic structure and task-relevant details. By
maintaining structured memory and using hierarchical planning, robots achieve im-
proved task efficiency, robustness, and generalization across large-scale, previously
unseen environments.

Together, this work demonstrates that dynamic, generalist robotic manipulation
relies on attention and structure to prioritize the most relevant sensing modalities,
objects, and interactions, while at the same time maintaining both reactivity and
foresight to predict future interactions, ensure safety, and adapt to unanticipated
contacts. As robotics increasingly embraces large-scale data-driven learning, this
thesis underscores the continued importance of modularity, structure, hierarchy, and
inductive biases. These principles not only enable agility, dexterity and reliability,
but also explainability, generalization, and data-efficient learning. This work moves us
closer to generalist embodied agents that combine the semantic reasoning capabilities
of foundation models with the reactivity and safety of robust policies, laying the
foundation for robots that can operate safely and autonomously in dynamic, open-
world environments. By enabling such capabilities, these advances have the potential
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to impact real-world domains ranging from household and industrial automation to
healthcare and human-robot collaboration, ultimately bringing us closer to robots
that can assist, adapt, and interact effectively in diverse human-centered settings.
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8 Directions for future
work

8.1 Lifelong Robotic Operation Through Structured
Learning and Adaptation

To enable robotic systems to support humans across diverse settings – ranging
from caregiving roles to hazardous environments – they must be explainable, reliable,
and adaptable. This thesis takes steps toward that goal by emphasizing modularity,
structure, and hierarchy in system design. These principles serve as foundational
components for building generalizable and interpretable robot behavior. However, a
significant gap remains in closing the loop between key hierarchical modules: memory,
high-level planning and reasoning, and low-level execution. Achieving true lifelong
learning requires sample-efficient mechanisms that integrate continuous feedback –
whether from human intervention or from observing task failures – and use that feed-
back to adapt dynamically across both high-level and low-level layers of the system.

Critical directions for future work include advancing techniques for reasoning
about success and failure, enabling online adaptation of both control policies and
planning strategies, and developing methods to learn effectively from sub-optimal
or failed trajectories. Moreover, recent efforts have demonstrated the feasibility of
learning from a single or very few human demonstrations (186; 187) by leveraging
tools such as hand-tracking and object-centric trajectory understanding. Extracting
task-relevant structure from such demonstrations and generalizing it to semantically
similar tasks promotes sample-efficient learning and improves transfer across related
domains. Recent vision-language models (VLMs), which encode a common-sense un-
derstanding of objects and tasks, offer a promising avenue for such generalization.
Furthermore, such models can facilitate not only the updating of low-level skills and
high-level plans but also the refinement of memory modules – specifically, what in-
formation to attend to based on new experiences. A structured planner can then
use this evolving memory and knowledge to transfer skills across novel but semanti-
cally related objects or scenarios. Ultimately, enabling such continuous, structured
adaptation is key to achieving robust lifelong robot operation in the real world.
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8.2 Open-World Safety through Uncertainty-Aware
and Human-in-the-Loop Control

When deploying robots in environments shared with humans, safety becomes the
foremost priority. In this thesis, we explored learning parameterized policies that re-
spect specific semantic constraints, particularly in tabletop manipulation tasks. While
these controlled settings offer a starting point, real-world applications – especially in
caregiving and hospital environments – demand far more comprehensive safety consid-
erations. These environments require reasoning about not just spatial constraints, but
also how different objects should be handled safely based on their function, fragility,
or medical importance, as well as how to interact appropriately around or with hu-
mans. Furthermore, these constraints should be grounded in multimodal perception
– including vision, audio, and proprioception – since reliable ground-truth state esti-
mation is often unavailable in real-world, dynamic environments.

A major challenge in scaling robotic systems to open-ended tasks is that greater
generalization and multimodal learning often come at the cost of increased uncertainty
and reduced reliability. While systems like VLTSafe demonstrate more safety-aware
behavior, they remain fundamentally data-driven and lack formal safety guarantees.
To address this, future systems must be structured in a way that allows external
monitoring and human oversight. Robotic operators should be able to inspect and
approve the robot’s intended actions, providing corrective feedback (188) when nec-
essary. This human-in-the-loop supervision not only improves immediate safety but
also provides valuable signals for the robot to learn and refine its policy over time.

Another critical direction is to design robots with explicit uncertainty estima-
tion capabilities. Techniques such as Bayesian deep learning, ensemble models, and
conformal prediction (189) can help quantify confidence in action decisions. Robots
equipped with such models should be able to assess whether their planned actions
satisfy safety constraints with high confidence. If uncertainty is too high, they must
defer to human feedback, seek additional sensory input, or abstain from acting al-
together. Systems like SafeDAgger (190) begin to explore these ideas by combining
introspective reasoning and fallback strategies during unsafe or ambiguous states. De-
veloping this kind of introspective and conservatively adaptive behavior is essential for
building trustworthy systems capable of operating safely in dynamic, human-centered
environments.
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A Appendix for Chapter 2

A.1 Training details
The classifier, for all the experiments, is a single layer neural network with 8

hidden nodes. The output layer has nodes equal to the number of modes and softmax
activation. The other hyperparameters used during training (system identification as
well as learning control parameters) are as follows:

Table A.1: Hyperparameters

Optimizer ADAM (61)
Learning rate 0.01

β1 0.9
β2 0.999
ϵ 1e-04

Length of each trajectory 12.5sec
dt 0.05sec

batch size 10

A.2 Task 1: 1-object pickup
This task involves a gripper of mass mg picking up an object of mass mo while

moving in a 2D plane. The independent dynamics of the gripper and object can be
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written as,

xg
t+1 = Atxg

t + Bg
t ug

t , xo
t+1 = Atxo

t + Bo
t uo

t , where

xg
t =


qg

xt

qg
yt

q̇g
xt

q̇g
yt

 , At =


1 0 dt 0
0 1 0 dt

0 0 1 0
0 0 0 1

 , Bg
t =


0 0
0 0

dt/mg 0
0 dt/mg



xo
t =


qo

xt

qo
yt

q̇o
xt

q̇o
yt

 , Bo
t =


0 0
0 0

dt/mo 0
0 dt/mo

 , ug
t =

[
ug

xt

ug
yt

]
, uo

t =
[
uo

xt

uo
yt

]

qxt , qyt and q̇xt , q̇yt are positions and velocities respectively. It is important to note
here that the object is unactuated (uo

xt
= 0 at all time t) but when grasped is affected

by the force applied by the gripper. We consider two modes: Mode 1 is when gripper
is free and mode 2 is when the gripper has grasped the object and is moving with
it. The combined dynamics of gripper and object in different modes ρt ∈ {1, 2} is as
given in (2.1), where
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Cρt−1,ρt = ρ⊤
t−1ρtI + (1− ρ⊤

t−1ρt)C

C1,2 = C2,1 = 1
mg + mo



1 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 mg 0 0 0 mo 0
0 0 0 mg 0 0 0 mo

0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
0 0 mg 0 0 0 mo 0
0 0 0 mg 0 0 0 mo


Here, we observe that there are only two parameters that we need to learn to populate
the above matrix, C1 = mg

mg+mo and C2 = mo

mg+mo . Thus, during system identification
we learn the four parameters: C1, C2, mg, mo in addition to the classifier.
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Expert trajectories for this task are generated using the following cost parameters
for the respective modes in iLQR,

Q1 = Q2 = diag([1, 1, 1, 1, 10−6, 10−6, 10−6, 10−6])
R1 = diag([1, 1]), R2 = diag([0.5, 0.5])

where diag() represents a diagonal matrix. During training we assume that the cost
matrices diagonal.

A.2.1 Task 2: 2-object pickup
This task considers 3 modes: Mode 1 is when the gripper is free, mode 2 is when

the gripper has grasped object 1 and mode 3 is when gripper has grasped object 2.
The combined dynamics (2.1) can be written using:
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In the interest of space, we write the C matrix such that it maps the velocities
just before collision to the velocities just after collision, thus ignoring the rows that
identically map the position before collision to position after collision.

C1,2 = C2,1

= 1
mg + mo1



mg 0 mo1 0 0 0
0 mg 0 mo1 0 0

mg 0 mo1 0 0 0
0 mg 0 mo1 0 0
0 0 0 0 mg + mo1 0
0 0 0 0 0 mg + mo1



C2,3 = 1
mg + mo1 + mo2



mg 0 mo1 0 mo2 0
0 mg 0 mo1 0 mo2

mg 0 mo1 0 mo2 0
0 mg 0 mo1 0 mo2

mg 0 mo1 0 mo2 0
0 mg 0 mo1 0 mo2


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Thus, to populate each Ci,j matrix we need 9 independent parameters. We learn
these parameters along with the masses mg, mo1 , mo2 and classifier during system
identification. It is interesting to note here that we only observe C1,2 and C2,3 in
our demonstrations for this task, hence even though we define all the other Ci,js as
training variables they are never learned and do not affect the training time.

Expert trajectories for this task are generated using the following cost parameters
for the respective modes in iLQR,

Q1 = Q2 = Q3

= diag([1, 1, 1, 1, 10−6, 10−6, 10−6, 10−6, 10−6, 10−6, 10−6, 10−6])
R1 = diag([1, 1]), R2 = R3 = diag([0.5, 0.5])

where diag() represents a diagonal matrix. Here again during training we assume
that the cost matrices diagonal.

A.2.2 Task 3: Pickup task with ground interactions
This task captures four modes: Mode 1 is when the gripper moves in free space,

mode 2 is when the gripper comes in contact with the table and moves along it, mode
3 is when the gripper comes in contact with the object on the table and pushes it
along the table and mode 4 is when the gripper picks up the object off the table and
takes it to the goal location. The dynamics for each mode can be written as,

xt =
[
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]
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,

Again, writing down the impact dynamics while ignoring the rows that identically
map positions before collision to after collision,

C1,2 =


0 0 0 0
0 0 0 0
0 0 1 0
0 0 0 1

 ,

C2,3 = C3,4 = 1
mg + mo


mg 0 mo 0
0 mg 0 mo

mg 0 mo 0
0 mg 0 mo


Thus, each of the above matrices can be populated using 4 independent parameters
which we learn along with the masses mg, mo and classifier during system identifica-
tion. The expert trajectories were generated using the following cost parameters for
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each mode,

Q1 = diag([1, 10, 1, 1, 10−6, 10−6, 10−6, 10−6])
Q2 = Q3 = diag([1, 1, 1, 1, 10−6, 10−6, 10−6, 10−6]),
Q4 = diag([1, 1, 0.01, 0.01, 10−6, 10−6, 10−6, 10−6]),

R1 = R2 = diag([1, 1]), R3 = diag([0.5, 0.5]), R4 = diag([0.1, 0.1])

where diag() represents a diagonal matrix. Here again during training we assume
that the cost matrices diagonal.
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B.1 Experiment Details
Box 2D data: The trajectory length for all the box2D tasks is 10 seconds with

dt = 0.05. The simulation environment is setup such that when two objects come in
contact they undergo a purely inelastic collision and a rigid link is formed between
them, thus simulating grasping. We collect 40 trajectories for training and 10 for
validation by sampling the initial position of the objects/doors, the gripper and the
goal in a 2m × 2m 2D space. The masses for the gripper and objects are 1 kg each.
The batch size used for training is 64.

Issac Gym data: The trajectory length for the Isaac Gym Franka task is 4
seconds with dt = 0.01. We collect 200 trajectories for training and 20 for validation
by sampling the initial position of the objects and the goal in a 0.4m × 0.7m × 0.3m
3D region of interest in front of the robot. The mass of the object for pickup is 0.4
kg. The batch size used for training is 256.

Real Franka data: The trajectory length for the Real world Franka task is 10
seconds with dt = 0.001. We collect 25 trajectories for training and 5 for validation
by sampling the initial position of the objects and the goal in a 0.4m × 0.7m × 0.3m
3D region of interest in front of the robot. The mass of the object for pickup is 0.83
kg. The batch size used for training is 128.

B.2 Additional results

B.2.1 Learned dynamic parameters and edge predictions
For the Box2D tasks 1 & 2, the dynamics are linear and represent that of a point-

mass system. We visualize the learned mass, stiffness and damping parameters and
the predicted edge activations for a trajectory in Fig. ??. The gripper reaches the
object and makes contact at around time step 50 as observed in the position plots as
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well as in the edge activation plot (top left in Fig. ??). The edge between the gripper
and the object is inactive before contact and active after contact. Before contact the
mass of the gripper is predicted to be 1kg and the object mass of predicted to be 0kg.
This is because since we apply the same control to all the nodes of the graph, actuated
or unactuated, the object mass needs to be zero such that the effect of the actions
on it is zero before contact. At the moment of contact we observe an impulse in
the velocity plots wherein an inelastic collision happens between the gripper and the
object. This is also reflected as a spike in the dynamic parameter plots and represents
impact parameters. After contact and hence pickup, the masses of the gripper and
the object are predicted to be 0.5kg each. This is because since the control effort is
now applied to a total mass of 2kg, each node is effectively sharing half the control
effort, which reflects as their individual masses being halved. The other parameters
kx, ky, cx and cy are predicted to be zero (except at impact) as expected for a point
mass system.

B.3 CONTROL USING LEARNED LOCALLY LIN-
EAR MODELS

As mentioned in 3.4 each of the learned models are used for control using iLQR-
MPC. The iLQR procedure is as follows:

Algorithm 3 Iterative LQR
(i) represents the iteration number
T is the length of the trajectory
Given: Initial state xinit.
Parameters: At, Bt, xf , Qt, Rt

procedure iLQR(Parameters)
while not converged do

x(i)
0:T , K0:T −1 ← LQR(At, Bt, xf , Qt, Rt)

converged ← ||x(i+1)
0:T − x(i)

0:T ||2 + ||u(i+1)
0:T −1 − u(i)

0:T −1||2 is small
end while

end procedure

The MPC procedure is given in Algorithm 2. Note that the observed contact
modes are used to evaluate a posterior over the edge activations and this posterior is
used for future edge activation predictions.
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Algorithm 4 Model Predictive Control
TLQR is time horizon for execution before replanning
NMP C = T/TLQR

T is the length of the trajectory
t is the current time step
t← 0
Given: Initial state xinit, Initial edge activation pij

0 , Learned model T
Parameters: xf , Qt, Rt

for n in Nmpc do
At, Bt ← T(pij

t , xt)
Kt:T ← iLQR(xt, At,Bt,Rt,Qt,xf )
for i in TLQR do

at ← Kt(xt − xf )
xt+1 ← step(at)
p̃ij

t ← zpij
t , cij

t ▷ Posterior (3.3.4)
pij

t+1 = GRUCell(p̃ij
t , dij

t )
t← tt+1

end for
end for
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B.4 Cost Learning
In this section, we talk about how we utilize the learned stable linearized dynamics

of the system, to learn the quadratic cost matrices of LQR using expert demonstra-
tions. We closely follow the cost learning method in (1), but instead of learning a
different cost function and goal condition for each dynamic mode, modeled as a single
discrete global variable, we learn a single cost function for a certain task with a fixed
goal. Similar to (1), we aim to learn the behavior of the expert in a single scenario
and generalize that behavior to new goal conditions.

We collect a set of 40 expert demonstrations {G∗
0 , u∗

0, . . . ,G∗
T , u∗

T}. Using the
learned graph inference module, we first evaluate the edge activations {aij

0 , . . . , aij
T }

over the expert trajectories. We check for the isolated nodes i.e. nodes that are not
actuated and have no active edges connected to them in any of the trajectories at any
time step and remove those nodes from all the expert graphs. This is based on the
indication that these isolated nodes are not participating in the current task. Then,
we append together the node attributes of participating nodes at each time step to
get the full state of the system as a vector. These full state trajectories are then
used as input expert demonstrations to the method described in (1) for learning the
quadratic cost matrices Q and R. Since the input to LQR is the full appended state
of the system, the diagonal terms in the learned Q and R matrices will correspond to
penalties for being away from the goal and the non-diagonal terms will correspond to
penalties for being away from other nodes. Thus, for tasks like picking up an object
with an arm, the learned Q and R enable relative motion between the nodes and then
motion towards the goal.

min
ut

T∑
t=0

(
(xt − xf )⊤Qt(xt − xf ) + u⊤

t Rtut

)
s.t. xt+1 = Atxt + Btut, i = 1, . . . , T

x0 = xinit

(B.1)

85



C Appendix for MResT

C.1 Environment Details
In this section we provide further details on the different environments used in

our experiments.

C.1.1 MT-Coarse Manipulation
For coarse manipulation tasks we focus on a variety of objects including blocks,

mugs, cups, and shoes (both men and women shoes). As noted in the main paper, for
these set of objects we focus on pick-and-place skills. However, we note that we did
experiment with more complex contact-rich skills (e.g. pushing, stacking). However,
we found the physics to be unstable with more complex objects (e.g. cups). For
instance, pushing cups would almost always topple them and roll over. For future
work, we hope to make our skills more robust.

Specifically, we use fixed size blocks with different semantic colors, 4 mugs, 4 cups
and 4 shoes. We use google scanned objects (156) to collect non-block objects and use
mujoco (153) to simulate our environment. We use the latest mujoco environments
to import meshes into the simulator. Each environment in this set of tasks is created
by first selecting a target object-type and then selecting a target object from the set
of objects. We then select 3-5 distractor objects to fill the scene. These objects are
uniformly selected from the remaining objects.

C.1.2 MT-Precise Manipulation
As noted in the main paper for precise manipulation tasks we use the spatial

precision set of tasks from RLBench (117). Overall, we use 4 tasks (see Figure 4.3
(Left)) – square block insertion, pick up small objects, shape sorting, and unplug usb
from computer. We avoid using the motion-planner augmented approach for solving
these tasks and instead opt for learning reactive closed-loop control policies. We use
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the delta end-effector actions for our tasks. Additionally, we use standard front and
wrist mounted camera. along with proprioceptive and force-torque feedback as policy
input.

However, directly using end-effector actions increases the policy horizon signif-
icantly. Moreover, naively using the original input distribution for each task also
requires learning full 6-DOF policies. Both of these can significantly increase the
data requirements to learn the manipulation policy. To avoid this we restrict the
starting distributions for each task such that the objects are spawned in a slightly
narrow region infront of the robot. We further make other task-specific changes,
detailed below, such that the robot can perform each task without changing hand
orientations.

Insert Onto Square Peg: For this task we restrict the orientations of the
square ring (blue object) and the peg on which to insert. This allows the robot to
perform the task without changing gripper orientations. Further, we use a region
of 40cm × 30cm infront of the robot to spawn both the base and ring. Finally, the
default task configuration provides 20 different peg colors, of which we use the first
10 colors for training and remaining 10 colors for robustness experiments.

Pick and Lift Small: For this task, we again use a region of 40cm×30cm infront
of the robot to spawn both all objects. We also restrict the orientation of each object
such that it can be grasped directly without requireing gripper orientation changes.

Shape-Sorting: The default configuration for the shape-sorting task considers
4 different shaped objects (see Figure 4.3 Bottom-Left) – square, cylinder, triangle,
star, moon. In the default RLBench configuration most objects directly stick to the
robot finger and are simply dropped into the hole for task completion. However, with
closed loop control we find that non-symmetric objects (star, triangle, and moon)
can have significant post-grasp displacement such that it is impossible to insert these
objects without changing gripper orientation. Hence, we exclude these two objects
from evaluation and only use symmetric square and cylinder objects.

Take USB Out: This task requires the robot to unplug a USB inserted into the
computer. However, the default configuration for this task requires 6-dof control. To
avoid this, we create smaller computer and USB assets and mount them vertically on
the table such that the USB can be unplugged without changing hand orientation.
See Figure 4.3 (Bottom-Right) for visualization.

C.1.3 MT-Dynamic Manipulation
This task involves using the CMU Ballbot in simulation (PyBullet (? )) to

perform a dynamic pick up task. The task involves picking up a block that is placed
on a table in front of the ballbot. We use two blocks (red and blue) in this task and
use language instructions to specify which object to pick up. The initial conditions
are set such that the table and objects are always out of the reach of the ballbot
arms and the ballbot has to roll forward to pick up the objects. We use a statically
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Train set Test set

(A) Real-world setup for pickup and insertion tasks. (B) Examples objects for 
real-world pickup task

(C) Example objects for
coarse manipulation task

Figure C.1: Left: Real World env setup with third-person (red) and first-person (blue)
camera views. Middle: Example objects set used for real-world pickup task. Right:
Example objects used for MT-coarse.

mounted camera looking at the table and the ballbot as the third-person camera and
the camera located on the turret of the ballbot as the first-person camera. The turret
tilt is adjusted such that the objects on the table are initially out of the view of the
turret camera and only when the ballbot starts moving towards the table, the objects
come into view. The third person camera is always able to view both the objects
and the ballbot. We use task space control to control the ballbot end-effector while
a center of mass balancing controller is always running in a high-frequency feedback
loop to balance the ballbot.

C.2 Architecture Details
Section 4.3 discusses the overall architecture used in our work. To recall, our

proposed architecture uses a multi-resolution approach with multiple-sensors, each
with different fidelity. We process each sensor with a separate network which is
conditionally initialized using a pre-trained vision-language model. The output of
each vision model is flattened to create a set of patches. For DETR (111; 112) based
model we use a ResNet-101 backbone and flatten the output layer into 49 patches
and add positional embedding to it. For CLIP (66) we use a ViT-B model and use
hierarchical features from the 5’th, 8’th and 11’th layer. Since MDETR already does
vision-language fusion using a transformer we directly use its output. However, since
CLIP only weakly associates vision and language at the last layer, we additionally use
FiLM layers to condition the output. Our use of FiLM is similar to previous models
(? ). For each camera modality we use a small transformer with multi-head attention.
Each transformer uses an embedding size of 256 and 8 heads. We use post layer-norm
in each transformer layer. Further, in each transformer layer we use cross-attention
with the other camera. Overall we use 3 transformer layers for each camera modality.
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Key Value
batch size 16
proprio and force torque embedding 256
camera-transformer embedding Dim. 256
camera-transformer feedForward Dim. 768
Number of transformer layers 3
learning rate 0.0001
warmup epochs 5
total epochs 60
optimizer AdamW
weight decay 0.01
scheduler cosine

Table C.1: Hyperparameters used for our architecture and model training.

Our force-torque and proprioceptive input is concatenated together and mapped into
256 dimensions using a linear layer. We concatenate the readout tokens from each
camera transformer and the force-torque embedding. This 256× 3 size embedding is
then processed by 2 linear layers of size 512 which output the robot action.

Input: For each of our camera sensor we use an image of size 224× 224. For pro-
prioceptive input we use the end-effector position of the arm. While for force-torque
input we use the 6 dimensional force-torque data. We use cropping augmentation for
both camera sensors. Specifically, we first resize the image to 226 and then do random
crop with shift = 8. For, more aggressive pixel level augmentations we stochastically
apply grayscale and use color jitter with brightness ∈ (0.4, 0.8), contrast ∈ (0.4, 0.8),
saturation ∈ (0.4, 0.6) and hue ∈ (0.0, 0.5). These augmentations significantly change
the underlying visual semantics of the task.

C.2.1 Training Details
In this section we provide details on the demonstrations (for each environment

type) used to train our approach. Further, we also provide details on the train and
heldout configurations used for robustness evaluation.

MT-Coarse: As noted above in Appendix C.1.1, we use multiple different ob-
jects to train and evaluate our policy. Each environment is created by first sampling a
target object and then a set of distractor objects. For each environment and skill com-
bination we collect 20 demonstrations. Overall, this gives us ≈ 1000 demonstrations
across all tasks. We then learn one policy across all tasks.

MT-Precise: For spatial precision tasks from tasks from RLBench (117) we use 4
different tasks. As discussed in Section C.1.2, each task has it’s own set of variations.
For training our multi-task policy we use try to balance the number of demonstrations
from each task. For square peg insertion (insert onto square peg) task we use first
10 variations for training and gather 25 trajectories per variation. Each other task
has less than 4 variations hence for each task we use 100 demonstrations each for
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training. To test visual-semantic robustness for these tasks Section 4.5.2 we use the
insert-onto-square-peg task since only this task has any semantic variations. We use
the remaining 10 peg colors (i.e. 10 heldout variations) to test each approach.

MT-Dynamic: To collect expert demonstrations, we sample the locations of the
objects on the table in a 70cm*20cm region and sample the initial ballbot location
in a 50cm*50cm region. We collect 50 demonstrations for each task setting (each
block). As noted earlier, the third-person camera is used at a frequency of 5Hz, the
turret camera is used at 20Hz and proprioception and force-torque feedback is used
at 75Hz.

Real-World: For real-world tasks we collect data using teleoperation with a
leap-motion device which can track hand movements upto a 100Hz. We map these
movements to robot movements and collect proprioceptive and force-torque data at
75Hz, while both cameras are recorded at 30Hz. To collect data for pickup tasks
we use two blocks with different shapes and different colors. The green and pink
blocks in Figure C.1 (Right) were used to collect all training data. While evaluation
happened on 8 other blocks, each with a different shape and color. For training our
policies we collect 60 demonstrations for each pickup variation and 50 demos for the
insertion task. We note that the initial state distribution for insertion was narrower
than pickup and hence it required fewer demonstrations.

Metrics: We use task success as the evaluation metric. Since we use a multi-task
setting we report mean success over all tasks. During training, we evaluate the policy
every 4 epochs on all train tasks. We report the average over top-5 mean success
rates across all evaluation epochs. For task generalization results (Q3) we use the
trained policy and evaluate it on novel visual-semantic tasks which were never seen
during training. Hence, for Q3 we report task success on novel unseen tasks. For
all evaluations we use 20 rollouts per task. Further training details are provided in
Appendix ??.

C.2.2 Implementation Details
In this section, we discuss our real-robot implementation details. In our imple-

mentation, the real-time control loop is composed of a low-level task-space impedance
controller and a high-level neural network controller. The low-level controller operates
at 1KHz using a real-time kernel and sends control commands to Franka Panda’s con-
trol interface (FCI) (35). Our neural-network controller implementation can operate
up to a maximum of 100Hz given communication latency. Specifically, for our exper-
iments we run the neural network controller at 75 Hz. We use fixed low impedance
values (Kp: 350) to avoid damaging the robot during fast execution of contact-rich
tasks.

Neural network controller implementation: For our real-robot neural-network
controller implementation we follow a multi-threaded architecture. Robot state in-
formation such as proprioceptive data and force-torque data is published at 100Hz,
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while camera images are published at 30Hz. Each sensor modality is appended to
a separate fixed size time-stamped buffer. We process each modality independently
in a multi-threaded manner by extracting the latest time-stamped data from the
respective buffer.

Camera images are processed on separate threads using their respective neural
networks and we save the network outputs for future processing. More specifically,
we process images from third-person camera using a large VLM and save a set of
visual-language representations from its output in a buffer. This thread is limited by
the inference speed of the large VLMs and operates at 5Hz. We process the image
from the in-hand camera in a separate thread using a small ResNet based model
to get hand-camera image representations. On the same thread, we further process
these hand-camera image representations with the existing cached vision-language
representations using cross-attention layers to get multi-modal fused visual-language
output which is added to a fixed size buffer. This thread operates at 20Hz.

Finally, the high-level neural network controller (which runs on the main thread at
75Hz) concatenates the cached robot state information (force-torque, proprioceptive)
with the latest fused multi-modal features. The concatenated features are processed
through a small multi-layer perceptron to get the final action output which is sent to
the low-level impedance controller.

C.3 Additional Results

C.3.1 Additional Real-World Comparisons
In addition to real-world results in Table 4.5 we also tried out BC-Z and RT-1

on the pickup task in the real world. Table C.2 reports the average success rate and
compares them to our method. We find that BC-Z’s performance is much worse than
our proposed approach. This is because BC-Z operates at a single-resolution (both
spatial and temporal) as it uses only a third-person camera. In the absence of a first-
person camera view it is often unable to accurately localize the target object and fails
to perform the final fine-grained motion to grasp the object and lift it up. Further, for
RT-1 we find the performance to be very poor. We believe this is because RT-1 uses
tokenized actions which requires us to discretize our continuous robot actions. Since
we operate in the low data regime (120 trajectories) such discretization leads to token
imbalances during training and deteriorates the model’s performance. Additionally,
since RT-1, similar to BC-Z, uses single-resolution (i.e. third-person camera only)
we believe its performance suffers from similar challenges of inaccurate localization.
Furthermore, we evaluate visual generalization of the BC-Z and RT-1 policy on novel
unseen objects (and instructions). Since both BC-Z and RT-1 do not use a pre-trained
vision-language model and thus have no visual grounding for the text instructions they
fail to perform well on unseen novel objects. By contrast, our approach that utilizes
a pretrained VLM generalizes well.
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Setup BC-Z (64) RT-1 (63) Ours
Train 12.5 0.0 75.0
Eval 5.0 0.0 71.1

Table C.2: Real-World results for us-
ing commonly used imitation learning
(single-spatial resolution baselines) for
Pickup task.

πlow-res πhigh-res Ours
RealWorld - PegInsert 45.0 62.5 67.5

Table C.3: Additional Results for multi-
temporal resolution experiments. As before,
both πlow-res and πhigh-res are single-resolution
approaches which run at 5 Hz and 20 Hz re-
spectively, while ours is a multi-resolution ap-
proach.

C.3.2 Additional Ablations
We further ablate on the different components of our proposed approach. For

these set of results instead of using all 3 environment suites for evaluation, we choose
the most appropriate environment suite for each component of our approach and
evaluate on it.

Real-World Temporal-Resolution Comparison: We also ablate the effect
of temporal resolutions on real-word robot performance. Specifically, we evaluate
single temporal-resolution approaches (πlow-res) and πhigh-res for the peg-insertion task
in the real-world. As before, to evaluate the learned policy we run each episode for
a fixed duration of 60 seconds. However, we use early termination if the episode is
solved successfully or the robot violates the desired workspace. Table C.3 shows our
results. Given that the insertion task is not dynamic, πhigh-res performs similarly to
our approach. However, by comparison, (πlow-res) performs much more poorly (45%
only). This is because a low-temporal resolution policy is not very reactive and hence
doesn’t respond fast to contacts made with the wooden peg. Thus, it is often unable
to find the appropriate location to insert the block into the wooden peg. This can also
be seen from qualitative videos (see success and failure videos), where both success
and failure scenarios are much less reactive.

Temporal-Resolutions: Finally, we also ablate the temporal frequencies for the
MT-Dynamic tasks. We ablate the effect of using camera inputs at low-resolution
(third-person and in-hand camera inputs at 5Hz) while only force-torque feedback is
used at high-resolution (75Hz).

Table C.4 below shows our results. From the table below, we observe that the
performance on MT-Dynamic tasks drops significantly when using the camera views
at a very low temporal resolution. From our qualitative observations we note two
common failure cases. First, where the ballbot is sometimes unable to reach the
block to pick up. This is because, due to latency in the camera inputs (5 Hz), the
policy outputs sub-optimal actions. Upon receiving updated camera inputs the policy
tries to correct the trajectory. The overall resulting trajectory is noisy and fails to
reach the target object. Second, again due to camera latency, the end effector does
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πlow-res-high-FT Ours
33.4 73.6

Table C.4: Results for using low-temporal resolutions for camera-inputs (5Hz) and high-temporal
resolutions for force-torque only (75Hz).

not align well with the target object and ends up toppling the object while trying to
grasp it.
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D.1 Background

D.1.1 Hamilton-Jacobi Reachability Analysis
Hamilton-Jacobi Reachability (HJR) analysis provides a formal approach for com-

puting safe policies that guarantee constraint satisfaction by finding an optimal so-
lution to a reach-avoid problem. Consider a discrete-time dynamical system st+1 =
f(st, at), where t is the current time step, st ∈ S ⊂ Rn, a ∈ U ⊂ Rm, U is compact
and dynamics f are bounded and Lipschitz continuous. Target set T ⊂ S describes
reach states that satisfy {s : l(s) > 0} and failure set F ⊂ S describes avoid states
that satisfy {s : g(s) < 0}. T and F are closed sets and l(s), g(s) : s → R are
Lipschitz continuous functions. The safety problem is to find the reach-avoid set,
RA(T ;F), which is the set of states from which a controller can drive the system to
T while avoiding F at all times t. It was demonstrated in (142) that states belonging
to the set RA(T ;F) satisfy V (s) > 0, where V (s) is the solution to the following
fixed-point Reach-Avoid Bellman equation (RABE):

V (s) = min
[
g(s), max

(
l(s), sup

a∈U
V (f(s, a))

)]
(D.1)

V (s) > 0⇔ s ∈ RA(T ;F)

It is important to note that, unlike the Bellman updates in dynamic programming
based approaches (191), (D.1) does not have a time-discounting term, thus it does
not induce a contraction mapping and cannot converge to a fixed point using value
iteration.

D.1.2 Reach-Avoid Reinforcement Learning (RARL)
Based on time-discounting in temporal difference learning (144) and Q-learning

(145) based methods, (142) introduced a time-discounting term in RABE (D.1), thus
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inducing contraction mapping in value function learning, which was extended to the
reach-avoid setting and deep Q-learning by (124). The Discounted Reach-Avoid Bell-
man Equation (DRABE) (124) can be written as:

V (s) = γ min
[
g(s), max

(
l(s), sup

a∈U
V (f(s, a))

)]
+ (1− γ) min

(
l(s), g(s)

)
where γ is the discount factor, which can be interpreted as the probability of episode
continuation.

D.1.3 Offline Parameterized Safe Policy Learning
We utilize Deep Deterministic Policy Gradient (DDPG) (155) as our reinforcement

learning framework to learn a parameterized safe policy in continuous action spaces.
The Q-function update is modified to the discounted reach-avoid formulation (D.2).
Suppose Qϕ is the Q-network, µθ the policy network, and Qϕtarg and µθtarg are the
target Q-network and target policy networks respectively. Given a sample (s, a, r, s′, d)
from the replay buffer D, the Mean-squared Bellman Equation (MSBE) in DDPG is
as follows:

L(ϕ,D) = E
(s,a,r,s′,d)∼D

(Qϕ(s, a)−
(
r + γ(1− d)Qϕtarg(s′, µθtarg(s′)

))2]
where r = min(l(s), g(s)) is the reward and d indicates whether state s′ is terminal.
The Discounted Reach-Avoid Bellman Error for the DDPG algorithm can be written
as:

L(ϕ,D)DRABE = E
(s,a,r,s′,d)∼D

Qϕ(s, a)−
[
(1− γ) min(l(s), g(s))

+ γ min
{

g(s), max{l(s), Qϕtarg(s′, µθtarg(s′)}
}]

D.2 Experimental details

We denote the full state of the robot and the objects via s = [sEE, scbot, sctop, so
1, . . . , so

N ] ∈
S where S is the full state space, scbot is the state of the bottom cereal box, sctop

is the state of the top cereal box and so
i is the state of the ith object in clutter on

the table. We model the robot’s state as the position and velocity of the end-effector
sEE = [xEE, ẋEE] where xEE ∈ R3 is the Cartesian position and ẋEE ∈ R3 is the veloc-
ity. Let each object’s state be represented by so

i = [xo
i , ẋo

i ], i ∈ {1, . . . , N} where N
is the total number of cluttered objects on the table, that is, in addition to the two
cereal boxes.
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1

1

1

1

1

1

11

1

<latexit sha1_base64="z0GG8Afw/u+xL8K9k4+Zr80gNc8=">AAAB+HicdVDJSgNBEO1xjXHJqEcvjUHwNPQkZjkGJeAxglkgiaGn00ma9Cx014hxyJd48aCIVz/Fm39jZxFU9EHB470qqup5kRQaCPmwVlbX1jc2U1vp7Z3dvYy9f9DQYawYr7NQhqrlUc2lCHgdBEjeihSnvid50xtfzPzmLVdahME1TCLe9ekwEAPBKBipZ2f8nnuTdIDfQVKtTqc9O0scUnDzJI+Jky+VivmyIcQlhVwOuw6ZI4uWqPXs904/ZLHPA2CSat12SQTdhCoQTPJpuhNrHlE2pkPeNjSgPtfdZH74FJ8YpY8HoTIVAJ6r3ycS6ms98T3T6VMY6d/eTPzLa8cwKHcTEUQx8IAtFg1iiSHEsxRwXyjOQE4MoUwJcytmI6ooA5NV2oTw9Sn+nzRyjlt0Cldn2cr5Mo4UOkLH6BS5qIQq6BLVUB0xFKMH9ISerXvr0XqxXhetK9Zy5hD9gPX2CTN4k3k=</latexit>

mEE
1

<latexit sha1_base64="wXcXbif/gjJjaU/29lOA9RdXz08=">AAAB+HicdVDJSgNBEO2JW4xLoh69NAbB09CTmOUYlIAniWAWSGLo6XSSJj0L3TViHPIlXjwo4tVP8ebf2FkEFX1Q8Hiviqp6biiFBkI+rMTK6tr6RnIztbW9s5vO7O03dBApxusskIFquVRzKXxeBwGSt0LFqedK3nTH5zO/ecuVFoF/DZOQdz069MVAMApG6mXSXu/yJu4Av4O4Wp1Oe5kssUnByZM8Jna+VCrmy4YQhxRyOezYZI4sWqLWy7x3+gGLPO4Dk1TrtkNC6MZUgWCST1OdSPOQsjEd8rahPvW47sbzw6f42Ch9PAiUKR/wXP0+EVNP64nnmk6Pwkj/9mbiX147gkG5Gws/jID7bLFoEEkMAZ6lgPtCcQZyYghlSphbMRtRRRmYrFImhK9P8f+kkbOdol24Os1WzpZxJNEhOkInyEElVEEXqIbqiKEIPaAn9GzdW4/Wi/W6aE1Yy5kD9APW2ydgyJOW</latexit>

mEE
N

<latexit sha1_base64="6GcoJ/Ow6zr8+d50PG/XyyKnXH0=">AAAB+nicdVDJSgNBEO2JW4zbRI9eGoPgaZgx69yCXjxJBLNAEkNPpxOb9Cx016hhzKd48aCIV7/Em39jZxFU9EHB470qqup5keAKbPvDSC0tr6yupdczG5tb2ztmdrehwlhSVqehCGXLI4oJHrA6cBCsFUlGfE+wpjc6nfrNGyYVD4NLGEes65NhwAecEtBSz8z6vfOrpAPsDhLqhTCZ9MycbVXcUj5fwLZl58uu605JsejkHexY9gw5tECtZ753+iGNfRYAFUSptmNH0E2IBE4Fm2Q6sWIRoSMyZG1NA+Iz1U1mp0/woVb6eBBKXQHgmfp9IiG+UmPf050+gWv125uKf3ntGAaVbsKDKAYW0PmiQSwwhHiaA+5zySiIsSaESq5vxfSaSEJBp5XRIXx9iv8njWPLKVnFi0KuerKII4320QE6Qg4qoyo6QzVURxTdogf0hJ6Ne+PReDFe560pYzGzh37AePsElJ6U5Q==</latexit>

mcbot
N

<latexit sha1_base64="X1dsIhHI07tDPhVUTW1ndrCYHXw=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNMyYdW5BLx4jmAWSGHo6naRJz0J3jRrG+RQvHhTx6pd482/sLIKKPih4vFdFVT03FFyBZX0YqZXVtfWN9GZma3tndy+b22+qIJKUNWggAtl2iWKC+6wBHARrh5IRzxWs5U7OZ37rhknFA/8KpiHreWTk8yGnBLTUz+a8vn0dd4HdQUzdAJKkn81bZtUpFwpFbJlWoeI4zoyUSnbBxrZpzZFHS9T72ffuIKCRx3yggijVsa0QejGRwKlgSaYbKRYSOiEj1tHUJx5TvXh+eoKPtTLAw0Dq8gHP1e8TMfGUmnqu7vQIjNVvbyb+5XUiGFZ7MffDCJhPF4uGkcAQ4FkOeMAloyCmmhAqub4V0zGRhIJOK6ND+PoU/0+ap6ZdNkuXxXztbBlHGh2iI3SCbFRBNXSB6qiBKLpFD+gJPRv3xqPxYrwuWlPGcuYA/YDx9glnFJTI</latexit>

mcbot
1

<latexit sha1_base64="BcIwaWCMmyIrQK+1iWXSoOYQO6s=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNMyYmEluQS8eI5gFknHo6XSSxp6F7ho1jPkULx4U8eqXePNv7CyCij4oeLxXRVU9PxZcgWV9GJml5ZXVtex6bmNza3snX9htqSiRlDVpJCLZ8YligoesCRwE68SSkcAXrO1fn0399g2TikfhJYxj5gZkGPIBpwS05OULgWdfpT1gd5BSiOLJxMsXLdMqlcqVGrbMklOtOFNSccp2zcG2ac1QRAs0vPx7rx/RJGAhUEGU6tpWDG5KJHAq2CTXSxSLCb0mQ9bVNCQBU246O32CD7XSx4NI6goBz9TvEykJlBoHvu4MCIzUb28q/uV1ExhU3ZSHcQIspPNFg0RgiPA0B9znklEQY00IlVzfiumISEJBp5XTIXx9iv8nrWPTrpgnF+Vi/XQRRxbtowN0hGzkoDo6Rw3URBTdogf0hJ6Ne+PReDFe560ZYzGzh37AePsEj7iU5A==</latexit>

mctop
1

<latexit sha1_base64="s6A8U4Ej3Zg2hJrTQn4JRL4FVrU=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNMyYmEluQS+eJIJZIImhp9NJmvQsdNeoYZxP8eJBEa9+iTf/xs4iqOiDgsd7VVTVc0PBFVjWh5FaWl5ZXUuvZzY2t7Z3srndhgoiSVmdBiKQLZcoJrjP6sBBsFYoGfFcwZru+GzqN2+YVDzwr2ASsq5Hhj4fcEpAS71szutdXMcdYHcQUwjCJOll85ZpFQrFUgVbZsEpl5wpKTlFu+Jg27RmyKMFar3se6cf0MhjPlBBlGrbVgjdmEjgVLAk04kUCwkdkyFra+oTj6luPDs9wYda6eNBIHX5gGfq94mYeEpNPFd3egRG6rc3Ff/y2hEMyt2Y+2EEzKfzRYNIYAjwNAfc55JREBNNCJVc34rpiEhCQaeV0SF8fYr/J41j0y6ZJ5fFfPV0EUca7aMDdIRs5KAqOkc1VEcU3aIH9ISejXvj0XgxXuetKWMxs4d+wHj7BL1ClQE=</latexit>

mctop
N

<latexit sha1_base64="BcIwaWCMmyIrQK+1iWXSoOYQO6s=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNMyYmEluQS8eI5gFknHo6XSSxp6F7ho1jPkULx4U8eqXePNv7CyCij4oeLxXRVU9PxZcgWV9GJml5ZXVtex6bmNza3snX9htqSiRlDVpJCLZ8YligoesCRwE68SSkcAXrO1fn0399g2TikfhJYxj5gZkGPIBpwS05OULgWdfpT1gd5BSiOLJxMsXLdMqlcqVGrbMklOtOFNSccp2zcG2ac1QRAs0vPx7rx/RJGAhUEGU6tpWDG5KJHAq2CTXSxSLCb0mQ9bVNCQBU246O32CD7XSx4NI6goBz9TvEykJlBoHvu4MCIzUb28q/uV1ExhU3ZSHcQIspPNFg0RgiPA0B9znklEQY00IlVzfiumISEJBp5XTIXx9iv8nrWPTrpgnF+Vi/XQRRxbtowN0hGzkoDo6Rw3URBTdogf0hJ6Ne+PReDFe560ZYzGzh37AePsEj7iU5A==</latexit>

mctop
1

<latexit sha1_base64="s6A8U4Ej3Zg2hJrTQn4JRL4FVrU=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNMyYmEluQS+eJIJZIImhp9NJmvQsdNeoYZxP8eJBEa9+iTf/xs4iqOiDgsd7VVTVc0PBFVjWh5FaWl5ZXUuvZzY2t7Z3srndhgoiSVmdBiKQLZcoJrjP6sBBsFYoGfFcwZru+GzqN2+YVDzwr2ASsq5Hhj4fcEpAS71szutdXMcdYHcQUwjCJOll85ZpFQrFUgVbZsEpl5wpKTlFu+Jg27RmyKMFar3se6cf0MhjPlBBlGrbVgjdmEjgVLAk04kUCwkdkyFra+oTj6luPDs9wYda6eNBIHX5gGfq94mYeEpNPFd3egRG6rc3Ff/y2hEMyt2Y+2EEzKfzRYNIYAjwNAfc55JREBNNCJVc34rpiEhCQaeV0SF8fYr/J41j0y6ZJ5fFfPV0EUca7aMDdIRs5KAqOkc1VEcU3aIH9ISejXvj0XgxXuetKWMxs4d+wHj7BL1ClQE=</latexit>

mctop
N

<latexit sha1_base64="X1dsIhHI07tDPhVUTW1ndrCYHXw=">AAAB+nicdVDJSgNBEO2JW4xbokcvjUHwNMyYdW5BLx4jmAWSGHo6naRJz0J3jRrG+RQvHhTx6pd482/sLIKKPih4vFdFVT03FFyBZX0YqZXVtfWN9GZma3tndy+b22+qIJKUNWggAtl2iWKC+6wBHARrh5IRzxWs5U7OZ37rhknFA/8KpiHreWTk8yGnBLTUz+a8vn0dd4HdQUzdAJKkn81bZtUpFwpFbJlWoeI4zoyUSnbBxrZpzZFHS9T72ffuIKCRx3yggijVsa0QejGRwKlgSaYbKRYSOiEj1tHUJx5TvXh+eoKPtTLAw0Dq8gHP1e8TMfGUmnqu7vQIjNVvbyb+5XUiGFZ7MffDCJhPF4uGkcAQ4FkOeMAloyCmmhAqub4V0zGRhIJOK6ND+PoU/0+ap6ZdNkuXxXztbBlHGh2iI3SCbFRBNXSB6qiBKLpFD+gJPRv3xqPxYrwuWlPGcuYA/YDx9glnFJTI</latexit>

mcbot
1

<latexit sha1_base64="6GcoJ/Ow6zr8+d50PG/XyyKnXH0=">AAAB+nicdVDJSgNBEO2JW4zbRI9eGoPgaZgx69yCXjxJBLNAEkNPpxOb9Cx016hhzKd48aCIV7/Em39jZxFU9EHB470qqup5keAKbPvDSC0tr6yupdczG5tb2ztmdrehwlhSVqehCGXLI4oJHrA6cBCsFUlGfE+wpjc6nfrNGyYVD4NLGEes65NhwAecEtBSz8z6vfOrpAPsDhLqhTCZ9MycbVXcUj5fwLZl58uu605JsejkHexY9gw5tECtZ753+iGNfRYAFUSptmNH0E2IBE4Fm2Q6sWIRoSMyZG1NA+Iz1U1mp0/woVb6eBBKXQHgmfp9IiG+UmPf050+gWv125uKf3ntGAaVbsKDKAYW0PmiQSwwhHiaA+5zySiIsSaESq5vxfSaSEJBp5XRIXx9iv8njWPLKVnFi0KuerKII4320QE6Qg4qoyo6QzVURxTdogf0hJ6Ne+PReDFe560pYzGzh37AePsElJ6U5Q==</latexit>

mcbot
N

<latexit sha1_base64="z0GG8Afw/u+xL8K9k4+Zr80gNc8=">AAAB+HicdVDJSgNBEO1xjXHJqEcvjUHwNPQkZjkGJeAxglkgiaGn00ma9Cx014hxyJd48aCIVz/Fm39jZxFU9EHB470qqup5kRQaCPmwVlbX1jc2U1vp7Z3dvYy9f9DQYawYr7NQhqrlUc2lCHgdBEjeihSnvid50xtfzPzmLVdahME1TCLe9ekwEAPBKBipZ2f8nnuTdIDfQVKtTqc9O0scUnDzJI+Jky+VivmyIcQlhVwOuw6ZI4uWqPXs904/ZLHPA2CSat12SQTdhCoQTPJpuhNrHlE2pkPeNjSgPtfdZH74FJ8YpY8HoTIVAJ6r3ycS6ms98T3T6VMY6d/eTPzLa8cwKHcTEUQx8IAtFg1iiSHEsxRwXyjOQE4MoUwJcytmI6ooA5NV2oTw9Sn+nzRyjlt0Cldn2cr5Mo4UOkLH6BS5qIQq6BLVUB0xFKMH9ISerXvr0XqxXhetK9Zy5hD9gPX2CTN4k3k=</latexit>

mEE
1

<latexit sha1_base64="wXcXbif/gjJjaU/29lOA9RdXz08=">AAAB+HicdVDJSgNBEO2JW4xLoh69NAbB09CTmOUYlIAniWAWSGLo6XSSJj0L3TViHPIlXjwo4tVP8ebf2FkEFX1Q8Hiviqp6biiFBkI+rMTK6tr6RnIztbW9s5vO7O03dBApxusskIFquVRzKXxeBwGSt0LFqedK3nTH5zO/ecuVFoF/DZOQdz069MVAMApG6mXSXu/yJu4Av4O4Wp1Oe5kssUnByZM8Jna+VCrmy4YQhxRyOezYZI4sWqLWy7x3+gGLPO4Dk1TrtkNC6MZUgWCST1OdSPOQsjEd8rahPvW47sbzw6f42Ch9PAiUKR/wXP0+EVNP64nnmk6Pwkj/9mbiX147gkG5Gws/jID7bLFoEEkMAZ6lgPtCcQZyYghlSphbMRtRRRmYrFImhK9P8f+kkbOdol24Os1WzpZxJNEhOkInyEElVEEXqIbqiKEIPaAn9GzdW4/Wi/W6aE1Yy5kD9APW2ydgyJOW</latexit>

mEE
N

<latexit sha1_base64="VOjHQWEl6RGcq2TAuB/45bIphls=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0VwFRJbk3ZXdOOygn1AWspkOm0HJ5kwcyOW0M9w40IRt36NO//G6UNQ0QMXDufcy733hIngGhznw8qtrK6tb+Q3C1vbO7t7xf2DlpapoqxJpZCqExLNBI9ZEzgI1kkUI1EoWDu8vZz57TumNJfxDUwS1ovIKOZDTgkYKegCu4eMgkym/WLJsZ1yueLVsGOX/arnz4jnV9yaj13bmaOElmj0i+/dgaRpxGKggmgduE4CvYwo4FSwaaGbapYQektGLDA0JhHTvWx+8hSfGGWAh1KZigHP1e8TGYm0nkSh6YwIjPVvbyb+5QUpDKu9jMdJCiymi0XDVGCQePY/HnDFKIiJIYQqbm7FdEwUoWBSKpgQvj7F/5PWme169vl1pVS/WMaRR0foGJ0iF/mojq5QAzURRRI9oCf0bIH1aL1Yr4vWnLWcOUQ/YL19ApVYkiQ=</latexit>

ctop

<latexit sha1_base64="PNKY0hO7KzLybYqdZzfuc3cRmgU=">AAAB8nicdVDJSgNBEO2JW4xb1KOXxiB4Gnpi1lvQi8cIZoEkhJ5OJ2nSMz1014hhyGd48aCIV7/Gm39jZxFU9EHB470qqur5kRQGCPlwUmvrG5tb6e3Mzu7e/kH28KhpVKwZbzAllW771HApQt4AAZK3I81p4Eve8idXc791x7URKryFacR7AR2FYigYBSt1usDvIWG+glk/myNulXhlUsbEJZ6Xr1TmpFC9KJaw55IFcmiFej/73h0oFgc8BCapMR2PRNBLqAbBJJ9lurHhEWUTOuIdS0MacNNLFifP8JlVBniotK0Q8EL9PpHQwJhp4NvOgMLY/Pbm4l9eJ4ZhpZeIMIqBh2y5aBhLDArP/8cDoTkDObWEMi3srZiNqaYMbEoZG8LXp/h/0sy7Xskt3hRytctVHGl0gk7ROfJQGdXQNaqjBmJIoQf0hJ4dcB6dF+d12ZpyVjPH6Aect09XoZH6</latexit>

cbot

<latexit sha1_base64="kveiK8AHzScNnj0EO+JOwIi2gx4=">AAAB8HicdVDJSgNBEO2JW4xb1KOXxiB4GnoSsxyDEvAYwZhIMoSeTk/SpGehu0YMQ77CiwdFvPo53vwbO4ugog8KHu9VUVXPi6XQQMiHlVlZXVvfyG7mtrZ3dvfy+wc3OkoU4y0WyUh1PKq5FCFvgQDJO7HiNPAkb3vji5nfvuNKiyi8hknM3YAOQ+ELRsFItz3g95A2GtN+vkBsUnZKpISJXapWK6WaIcQh5WIROzaZo4CWaPbz771BxJKAh8Ak1brrkBjclCoQTPJprpdoHlM2pkPeNTSkAdduOj94ik+MMsB+pEyFgOfq94mUBlpPAs90BhRG+rc3E//yugn4NTcVYZwAD9likZ9IDBGefY8HQnEGcmIIZUqYWzEbUUUZmIxyJoSvT/H/5KZoOxW7fHVWqJ8v48iiI3SMTpGDqqiOLlETtRBDAXpAT+jZUtaj9WK9Lloz1nLmEP2A9fYJPkaQuQ==</latexit>

EE
<latexit sha1_base64="kveiK8AHzScNnj0EO+JOwIi2gx4=">AAAB8HicdVDJSgNBEO2JW4xb1KOXxiB4GnoSsxyDEvAYwZhIMoSeTk/SpGehu0YMQ77CiwdFvPo53vwbO4ugog8KHu9VUVXPi6XQQMiHlVlZXVvfyG7mtrZ3dvfy+wc3OkoU4y0WyUh1PKq5FCFvgQDJO7HiNPAkb3vji5nfvuNKiyi8hknM3YAOQ+ELRsFItz3g95A2GtN+vkBsUnZKpISJXapWK6WaIcQh5WIROzaZo4CWaPbz771BxJKAh8Ak1brrkBjclCoQTPJprpdoHlM2pkPeNTSkAdduOj94ik+MMsB+pEyFgOfq94mUBlpPAs90BhRG+rc3E//yugn4NTcVYZwAD9likZ9IDBGefY8HQnEGcmIIZUqYWzEbUUUZmIxyJoSvT/H/5KZoOxW7fHVWqJ8v48iiI3SMTpGDqqiOLlETtRBDAXpAT+jZUtaj9WK9Lloz1nLmEP2A9fYJPkaQuQ==</latexit>

EE

<latexit sha1_base64="PNKY0hO7KzLybYqdZzfuc3cRmgU=">AAAB8nicdVDJSgNBEO2JW4xb1KOXxiB4Gnpi1lvQi8cIZoEkhJ5OJ2nSMz1014hhyGd48aCIV7/Gm39jZxFU9EHB470qqur5kRQGCPlwUmvrG5tb6e3Mzu7e/kH28KhpVKwZbzAllW771HApQt4AAZK3I81p4Eve8idXc791x7URKryFacR7AR2FYigYBSt1usDvIWG+glk/myNulXhlUsbEJZ6Xr1TmpFC9KJaw55IFcmiFej/73h0oFgc8BCapMR2PRNBLqAbBJJ9lurHhEWUTOuIdS0MacNNLFifP8JlVBniotK0Q8EL9PpHQwJhp4NvOgMLY/Pbm4l9eJ4ZhpZeIMIqBh2y5aBhLDArP/8cDoTkDObWEMi3srZiNqaYMbEoZG8LXp/h/0sy7Xskt3hRytctVHGl0gk7ROfJQGdXQNaqjBmJIoQf0hJ4dcB6dF+d12ZpyVjPH6Aect09XoZH6</latexit>

cbot
<latexit sha1_base64="VOjHQWEl6RGcq2TAuB/45bIphls=">AAAB8nicdVDLSsNAFJ3UV62vqks3g0VwFRJbk3ZXdOOygn1AWspkOm0HJ5kwcyOW0M9w40IRt36NO//G6UNQ0QMXDufcy733hIngGhznw8qtrK6tb+Q3C1vbO7t7xf2DlpapoqxJpZCqExLNBI9ZEzgI1kkUI1EoWDu8vZz57TumNJfxDUwS1ovIKOZDTgkYKegCu4eMgkym/WLJsZ1yueLVsGOX/arnz4jnV9yaj13bmaOElmj0i+/dgaRpxGKggmgduE4CvYwo4FSwaaGbapYQektGLDA0JhHTvWx+8hSfGGWAh1KZigHP1e8TGYm0nkSh6YwIjPVvbyb+5QUpDKu9jMdJCiymi0XDVGCQePY/HnDFKIiJIYQqbm7FdEwUoWBSKpgQvj7F/5PWme169vl1pVS/WMaRR0foGJ0iF/mojq5QAzURRRI9oCf0bIH1aL1Yr4vWnLWcOUQ/YL19ApVYkiQ=</latexit>

ctop
… … …

…

…

…

…

<latexit sha1_base64="Kx30rlF/hbQriaxtDWH9Yc1RPvc=">AAAB7HicdVDLSgMxFM34rPVVdekmWARXw0ztc1d040oqOG2hHUsmzbShSWZIMkIZ+g1uXCji1g9y59+YtiOo6IELh3Pu5d57gphRpR3nw1pZXVvf2Mxt5bd3dvf2CweHbRUlEhMPRyyS3QApwqggnqaakW4sCeIBI51gcjn3O/dEKhqJWz2Nic/RSNCQYqSN5PHB9Z07KBQdu1Et1+pV6NjOAoY0apXzcgm6mVIEGVqDwnt/GOGEE6ExQ0r1XCfWfoqkppiRWb6fKBIjPEEj0jNUIE6Uny6OncFTowxhGElTQsOF+n0iRVypKQ9MJ0d6rH57c/Evr5fosO6nVMSJJgIvF4UJgzqC88/hkEqCNZsagrCk5laIx0girE0+eRPC16fwf9Iu2W7VrtyUi82LLI4cOAYn4Ay4oAaa4Aq0gAcwoOABPIFnS1iP1ov1umxdsbKZI/AD1tsntRSOpQ==</latexit>

m1
N

<latexit sha1_base64="hkgjwax7/6v5RQ6BuFHaMCBB+OQ=">AAAB7HicdVDLSgMxFM3UV62vqks3wSK4GmZqn7uiG1elgtMW2rFk0rQNTTJDkhHK0G9w40IRt36QO//GtB1BRQ9cOJxzL/feE0SMKu04H1ZmbX1jcyu7ndvZ3ds/yB8etVUYS0w8HLJQdgOkCKOCeJpqRrqRJIgHjHSC6dXC79wTqWgobvUsIj5HY0FHFCNtJI8PmnfNQb7g2PVKqVqrQMd2ljCkXi1flIrQTZUCSNEa5N/7wxDHnAiNGVKq5zqR9hMkNcWMzHP9WJEI4Skak56hAnGi/GR57ByeGWUIR6E0JTRcqt8nEsSVmvHAdHKkJ+q3txD/8nqxHtX8hIoo1kTg1aJRzKAO4eJzOKSSYM1mhiAsqbkV4gmSCGuTT86E8PUp/J+0i7Zbscs3pULjMo0jC07AKTgHLqiCBrgGLeABDCh4AE/g2RLWo/Viva5aM1Y6cwx+wHr7BOEIjsI=</latexit>
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Figure D.1: Custom attention mask

Hyperparameter Value

Batch size 200
# Training steps 3M
Q learning rate 1e-4
Policy learning rate 1e-4
Max. episode length 300
Optimizer AdamW
Eps 1e-8
Weight decay 0.01
Clip grad norm 5
Replay buffer size 100k
Discount factor 0.99
Polyak 0.995
Action noise 0.1
Collision threshold 1 cm

Table D.1: Training hyperparameters

D.2.1 Safety and Target Representation
The safety constraints capture how the stack of boxes should not topple too far

when the robot is pulling the cereal box from underneath, and models robot-object
interactions. Specifically, F reasons about the following constraints: 1) at any time
step t, the top cereal block should not be excessively displaced from its initial position
gstack(st) = dthresh − ||xctop

t=t − xctop
t=0 ||. For instance, if the bottom box is pulled very

aggressively, the top cereal box will be flipped over or if the bottom block is pulled too
slowly, the top block will move with it due to friction. Both these interactions should
be avoided; 2) the bottom cereal box should not make contact with any of the fragile
objects gfragile(s) = ||xcbot−xo

fragile||−dthresh; 3) the bottom cereal box should make soft
contact with the soft objects gsoft(s) = dthresh−||ẋcbot− ẋo

soft||. This is a relative veloc-
ity constraint, which requires long-horizon reasoning, so that the cereal box can slow
down before making contact with the object; 4) the bottom cereal box should not move
over sensitive objects gsensitive(s) = ||xcbot[: 2]−xo

sensitive[: 2]||−dthresh i.e. their x-y po-
sitions should not overlap; 5) any contact is allowed with durable objects gdurable(s) =
+ inf. Note that since the safety constraint depends on the semantic properties of the
object in the scene, during deployment the VLM specifies the constraints types via
the parameterization ϕ ∈ {no-contact, soft-contact, any-contact, do not move over}.
During training, we consider all combinations of object properties and respective
constraints.

The target set represents the desired cereal box reaching the correct goal location.
Specifically, T always requires 1) the bottom cereal box to be completely separated
from the top cereal box lslide(s) = ||xcbot−xctop||−dthresh, and 2) placed in one of two
regions near the far end of the table lgoal(s) = dthresh−||xcbot−xgoal 1,2||. This induces
two possible target sets that the VLM can choose from at deployment time via the
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target parameterization τ ∈ {top-goal, bottom-goal}. During training, we randomly
choose between the two goal regions.

D.2.2 Custom attention mask
The custom attention mask used in VLTSafe is illustrated in Fig. D.2.2. Each

element mi
j of the mask indicates whether object i attends to object j; that is, mi

j = 1
if object i attends to object j, and mi

j = 0 otherwise. As noted in Fig. D.2.2, the end-
effector (sEE), bottom cereal box (scbot) and top cereal box (sctop) attend to each other.
Specifically, mEE

j = 1 if object j is among the top-k nearest objects to the end-effector.
The same logic applies for the other pairs.
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Figure D.2: Attention block

D.2.3 Architecture and training de-
tails

All policies are trained using the same target and
failure sets as defined in Sec. D.2.1 and optimized via
the update rule discussed in Sec. D.1.3. The training
hyperparameters are kept consistent across all meth-
ods and are shown in Table D.1. The policies are
trained using one NVIDIA RTX A6000 GPU and an
Intel i9-10900K CPU.

In VLTSafe, both the actor and critic networks
are composed of their respective tokenizers, multi-
head self-attention layers and output heads. Each to-
kenizer comprises two hidden layers with 64 units each
and SiLU activation, followed by an output layer that
projects inputs into a 128-dimensional token embed-
ding space. The core transformer backbone follows
the standard architecture of (author?) (154), with
two layers of multi-head self-attention, each employ-
ing four attention heads, as shown in Fig. D.2. The
feedforward block is composed of a single hidden layer of size 256 and an output
layer that projects back to the token embedding dimension. The action and value
prediction heads are implemented as two-layer MLPs with 64 hidden units per layer.
In total, VLTSafe contains approximately 620k trainable parameters. The actor
and critic networks in the MLP baseline are implemented simply as five-layer MLPs
with 256 hidden units per layer and ReLU activation resulting in 540k total trainable
parameters.
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D.3 VLM for Test-Time Safety and Target Speci-
fication

Agent role prompt: You are an excellent safe planning agent for dynamic tasks. You are given
a task description and an image showing the robot and objects on a table. The robot is trying to
slide the blue box from under the red box and to the goal regions to the right of the table, without
damaging other objects along the way.
Safety constraint selection prompt: Each object on the table can potentially come in contact
with the end-effector. You need to decide the safe interaction type for each object on the table from
the list of constraint types. Here the description of the constraint types: no contact implies that
there should absolutely be no contact with a certain object. soft contact implies that you can
softly interact with that object, push it softly, etc. any contact implies that any kind of interaction
including aggressive impact is allowed. no over implies that the robot is not allowed to move over
(on top of) the object. Some hints on how to decide on the constraint type for an object: If an
object is soft or made of durable material, and softly pushing it or moving it without toppling it is
okay, soft contact can be allowed with that object. If an object is very durable, and pushing it
aggressively will not damage it, any contact can be allowed with that object. If an object is fragile,
and contacting it might damage it, no contact should be allowed with that object. If an object is
very sensitive like an open laptop or a bowl of food, and moving over it might be risky, no over
should be constrained for that object. Usually objects such as cups, wine glasses, bowls, electronics,
etc are considered fragile and should be no contact. Plastic objects such as bottles, plastic cans,
tubes can be allowed soft contact. Soft and non-critical objects such as toys, clothing, etc. are
soft and can be ignored and allowed any contact. Provide brief explanation, for choosing a specific
constraint type for an object. In image description briefly describe the scene and features relevant
to the task.
Target constraint selection prompt: The robot is trying to slide the blue box from under the red
box and place it in one of the two goal regions to the right of the table indicated by the two yellow
squares on the table. The square closer to the robot is bottom goal and the square further away is
top goal . Choose the target region for the blue box from the two goal regions such that it is safe
to slide the blue box to that target region. Also provide a brief explanation for choosing that target
region.
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Structured Output We employ the structured output capabilities of OpenAI’s
Python API to force a desired structure on what is output by GPT4o. Below is the
create vlm constraint response function used in the implementation of VLTSafe

1 def create_vlm_constraint_response ( object_list ,
safety_constraint_list , target_constraint_list ):

2

3 fields = {}
4 for i in range(len( object_list )):
5 fields [f" explanation_obj_ { object_list [i]}"] = (str , ...)
6 fields [f"{ object_list [i]}"] = ( safety_constraint_list , ...)
7

8 SafetyConstraintsPerObject = create_model ("
SafetyConstraintsPerObject ", ** fields )

9

10 class ConstraintResponse ( BaseModel ):
11 safety_constraints_per_object : SafetyConstraintsPerObject
12 target_region : target_constraint_list
13 target_description : str
14 image_description : str
15

16 return ConstraintResponse

Code Listing D.1: The create vlm constraint response function used to structure
output from GPT4o.

The create vlm constraint response function takes as input the list of objects in
the scene, list of semantic targets (bottom goal, top goal) and the list of valid safety
constraints for each object (no contact, soft contact, any contact, no over). These
lists are used to populate the member variables of ConstraintResponse ensuring
that both target and safety constraint outputs are restricted to valid options when
querying the OpenAI API, thereby helping to prevent hallucinations.

D.4 Real-world Experiments
We control the Franka robot using Cartesian impedance control, which takes the

desired end-effector pose as input at each time step. Our learned policy outputs the
desired displacement of the end-effector, which is converted into an absolute pose and
passed to the controller. Real-world rollouts for increasing number of objects than
seen during training are shown in Fig. D.3
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(A)

(B)

(C)

Figure D.3: Real-world deployment: Zero-shot sim-to-real transfer of a policy trained in
simulation (RandomConst, 6 objects) to a real-world settings with (A) 8, (B) 10 and (C) 14 objects.
Constraints are first inferred using a VLM. In (A) and (B) the VLM is asked to specify constraints
based on common sense reasoning while in (C) the VLM is directed to strictly avoid food shaped
objects (see Sec. D.4.1). As the robot pulls the blue box from under the red one, it makes allowable
contact with the soft/durable objects, moves around or lifts up to avoid fragile objects and places
the box safely in the goal regions deemed safe by the VLM.

Task prompt: Safely take box 
to one of the goal regions. 
Constraint type selection: 
Cup : <No contact> 
Plush toy : <Any contact> 
Salad Bowl : <No over> 
Supplement: <Soft contact> 
Loofah : <Any contact> 
Controller: <No contact> 
Ball: <Any contact> 
Blue die: <Any contact> 
Target set selection: 
Goal: <top-goal>

Bottom goal

Top goal

Constraint type selection: 
Cup : <No contact> 
Plush toy : <Any contact> 
Red Bowl : <Soft contact> 
Supplement: <Soft contact> 
Loofah : <Any contact> 
Controller: <No contact> 
Ball: <Any contact> 
Blue die: <Soft contact> 
Target set selection: 
Goal: <bottom-goal>

Task prompt: Safely take box 
to one of the goal regions. 

Top goal

Bottom goal

(A) (B)

(C)

Constraint type selection: 
Cup : <Soft contact> 
Blue bowl : <Any contact> 
Burger: <No contact> 
Tomato: <No contact> 
Squash: <No contact> 
Controller: <Soft contact> 
Mouse: <Soft contact> 
Loofah: <Any contact> … 
Target set selection: 
Goal: <top-goal>

Task prompt: …Consider only 
food shaped objects fragile.

Bottom goal

Top goal

Constraint type selection: 
Tape : <Any contact> 
Carrot : <No contact> 
Burger: <No contact> 
Tomato: <No contact> 
Squash: <No contact> 
Controller: <Soft contact> 
Mouse: <Soft contact> 
Supplement: <Soft contact> … 
Target set selection: 
Goal: <bottom-goal>

Task prompt: …Consider only 
food shaped objects fragile.

Top goal

Bottom goal

(D)

Figure D.4: Qualitative results for the VLM selecting safety constraint types and target regions
based on the semantics of the objects as observed in the input image as well as the task description.

D.4.1 Qualitative examples of VLM constraint selection
In Fig. D.4(A) and (B), the VLM is prompted to specify target regions and safety

constraints based on commonsense reasoning about the material properties of objects.
As a result, electronics and porcelain cups are treated as fragile. Accordingly, the goal
region in both (A) and (B) is selected to avoid including the porcelain mug. When
the bowl contains salad, as in (B), it is assigned the constraint no over; otherwise,
as in (A), it is assigned soft contact.

In Fig. D.4(C) and (D), the VLM is given explicit instructions to treat certain ob-
jects in specific ways. In this case, it is directed to consider only food-shaped objects
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as fragile. Consequently, these objects are assigned the constraint no contact, and
the goal regions are selected to avoid them. Notably, electronics previously consid-
ered no contact in (A) and (B) are now assigned soft contact in (C) and (D), in
accordance with the user’s updated instructions. This highlights the VLM’s capacity
to interpret user intent and adapt task constraints accordingly, which is particularly
valuable for nuanced and complex tasks requiring human-in-the-loop guidance.
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E.1 Habitat environment setup
The Habitat-Sim setup for our experiments is identical to the setup used in

(165). The camera sensor settings are as follows: image width = 640, image height
= 480, camera height = 1.5m, camera tilt = −30 degrees, field of view = 120
degrees. For generating trajectories for the <Goto_Object_node>(object_id) and
<Goto_Frontier_node>(frontier_id) actions, we find the shortest path between the
current agent position and the desired object/frontier node location, on the obstacle-
free voxel space of of the 2D occupancy map. We orient the agent such that camera
always points towards the desired node location all along the trajectory. In case of
the <Goto_Object_node>(object_id) action, this maximizes the number of views that
capture the target object. In case of the <Goto_Frontier_node>(frontier_id) action,
this makes the agent look outwards into the unexplored areas.

E.2 HM-EQA and OpenEQA Datasets
The Habitat-Matterport Embodied Question Answering (HM-EQA) dataset in-

troduced by Yadev et al. (176) is based in the Habitat-Matterport 3D Research
Dataset (HM3D) of photo-realistic, diverse indoor 3D scans (192). The dataset is
composed of 500 multiple choice questions from 267 different scenes which fall in
the following categories: identification, counting, existence, state, and location. The
OpenEQA dateset (175) contains data spanning the categories spatial understanding,
object state recognition, functional reasoning, attribute recognition, world knowledge,
object localization, and object recognition. We use both HM-EQA and OpenEQA to
benchmark our results against baselines in simulation.
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E.3 Hydra 3D Scene Graphs
Hydra 3DSGs are comprised of the following layers: Layer 1 (bottom): a metric-

semantic 3D mesh, Layer 2 : objects and the agent, Layer 3 : regions or places,
Layer 4 : rooms, and Layer 5 (top): building. Intra-layer edges between nodes de-
note ‘traversability’, while inter-layer edges denote ‘belonging’. For example, an edge
between regions in Layer 3 denotes traversability between these regions and an edge
between an object and a room denotes that the object is located in that room. 3DSGs
are constructed using RGB and depth images from the robot’s camera, camera pose
and camera intrinsics. Using off-the-shelf image segmentation models (182), the ob-
ject nodes are assigned semantic object labels.

E.4 Prompting

E.4.1 GPT Prompt
The full prompt provided to GPT4o for GraphEQAis given in Appendix E.12.2.

In it we provide the scene graph description, description of the agent’s current state,
agent prompt, and just generally more descriptive text for more context.

E.4.2 Hierarchical Nature of 3DSGs and Planning
The portion of the prompt used to describe the scene graph in GraphEQAclarifies

to the VLM how layers and nodes are organized in a 3DSG. We take advantage of
this structure by requiring <Goto_object_node_step> to be organized such that the
VLM first chooses a room (level 4) to navigate to, then choosing an object (level 2)
in that room. This inherent structure and explanation of it in the prompt guides the
VLM to choose actions that investigate objects that are semantically relevant to the
question.

E.5 Baseline Performance on Task Categories
Table E.1 shows the performance of baselines and GraphEQAacross the different

task categories in the HM-EQA dataset. GraphEQAoutperforms all other methods
across all task categories, but is particularly more performant in comparison when
considering Counting and State tasks. It is worth noting that the Counting and State
categories are among the most challenging.
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Table E.1: Success Rate (%) in simulation for task categories in the HM-EQA dataset, for Identifi-
cation, Counting, Existence, State, and Location categories. Reported in terms of category successes
/ total number of category EQA tasks. † indicates our implementation of that baseline.

Method Ident. Counting Existence State Location

Explore-EQA 59.2 46.2 56.5 46.5 47.7
Explore-EQA-GPT4o† 32.5 44.2 56.4 42.3 40.8
SayPlanVision† 75 44.4 63.3 43.4 56
GraphEQA 77.8 57.9 69 65.2 64

E.6 Additional Ablations:
We perform some additional ablations to evaluate the utility of different compo-

nents of our method: GraphEQA-NoEnrich, which does not use frontier enrich-
ment (Section 6.3.2), and GraphEQA-CurrView, which uses only the current view
as input to the VLM and does not choose additional task-relevant keyframes (Sec-
tion 6.3.3). All ablations of GraphEQA use GPT-4o. Here we analyze these two
additional ablations, GraphEQA-NoEnrich and GraphEQA-CurrView. We
observe that GraphEQA-NoEnrich performs slightly worse than GraphEQAwhich
demonstrates that enriching the scene graph with additional semantic information in
the form of edges between frontiers and nearest objects, as discussed in Section 6.3.2,
lends itself to semantically informed exploration. We observe that the performance
drop is worse in the case of GraphEQA-CurrView, where we do not use task-relevant
visual memory, but only the current view of the agent. This demonstrates that task-
relevant visual memory is very useful in long-horizon tasks where the current view of
the robot might not be the best view for answering an embodied question.

Table E.2: Ablations (Simulation): Success rate (%), number of planning steps and Lτ the tra-
jectory length.

Ablation Succ. Rate (%) #Planning steps Lτ (m)
GraphEQA-NoEnrich 59.5 5.1 11.1
GraphEQA-CurrView 53.1 5.7 12.2
GraphEQA 63.5 5.1 12.6

E.7 Additional Quantitative results: Zero-shot rea-
soning for commonsense questions

We perform this evaluation to answer the following question: how many questions
in the HM-EQA dataset can be answered correctly purely based on commonsense
reasoning or guessing, without exploring the environment? We aim to perform this
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Table E.3: Additional baselines (Simulation): Success rate (%)

Method Succ. Rate (%)
Explore-EQA (165) 51.7
Explore-EQA-GPT4o 46.4
SayPlanVision 54.8
GraphEQA 63.5
EQAZeroShotGPT4o 17.2
EQAZeroShotPrismatic 1.8
EQAZeroShotGPT4oQuestionOnly 6.6

analysis to roughly estimate the percentage of false positives that can occur in the
HM-EQA dataset using different VLMs. To answer this question we define the follow-
ing three additional baselines: EQAZeroShotGPT4o, EQAZeroShotPrismatic
and EQAZeroShotGPT4oQuestionOnly. EQAZeroShotGPT4o evaluates the
zero-shot performance of GPT-4o when answering an EQA question using the initial
image and the question. EQAZeroShotPrismatic evaluates the zero-shot perfor-
mance of the calibrated Prismatic model from Explore-EQA (165) when answering
an EQA question using the initial image and the question. EQAZeroShotQues-
tionOnly evaluates the zero-shot performance of GPT-4o when answering an EQA
question using only the question. In all the above baselines, no exploration steps are
taken. Prompts for the above baselines are identical to ones used by Explore-EQA
(165). An episode is considered a success if the question is answered correctly and
with high confidence (> 0.5).

Table E.3 shows the simulation results for the baselines mentioned above com-
pared to the baselines discussed in Section 6.4.1. We observe that, given only the
question, EQAZeroShotQuestionOnly answers 6.6% of the questions correctly
with high confidence. This can be attributed to the VLM answering questions based
on commonsense reasoning or even just random guessing, and getting them correct.
EQAZeroShotPrismatic answers only 1.8% of the questions correctly with a con-
fidence > 0.5. This can be attributed to the fact that the Prismatic VLM is cali-
brated to avoid overconfident behavior in the absence of evidence, hence the zero-shot
confidence values are low. EQAZeroShotGPT4o answers 17.2% of the questions
correctly with high confidence. To evaluate whether these questions were answered
based on actual evidence in the initial image or purely based on commonsense rea-
soning/guessing, we further qualitatively evaluated the successful cases. Among the
17.2% that EQAZeroShotGPT4o answers successfully, 8.8% were answered based
on actual evidence in the initial image. These questions could be answered using
the initial image. The remaining 8.4% were answered based on commonsense reason-
ing/guessing without any evidence from the environment. Thus, 8.4% is the rough
estimate of the false positives that can occur in the HM-EQA dataset using GPT-4o
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based methods.

E.8 Error Analysis of Competing Baselines
Given the nature of the EQA tasks, it is possible that some of the questions are an-

swered successfully using only commonsense reasoning/guessing, without grounding
the answer in the current environment. We consider these cases as false positives.
An example of a false positive is shown in Figure E.1. Furthermore, we also notice
false negatives, where the answer was marked incorrect given the answer in the
data set, although given the current image and scene graph, the answer seemed ap-
propriate. Such cases exist due to ambiguities in the dataset. An example of a false
negative is shown in Figure E.2. To get an estimate of the number of false positives
and false negatives in our baselines, we uniformly sample a set of 114 questions from
the HM-EQA dataset and manually label the results across the four categories: True
Positives, True Negatives, False Positives and False Negatives. The results are shown
in Table E.4 where each number is a percentage of the total number of questions
considered (114).

Table E.4: Error analysis (Simulation): Percentage %

GraphEQA Explore-EQA Explore-EQA-GPT4o
True positive 58.18 31.58 22.81
True negative 31.82 44.74 46.49
False positive 6.36 16.67 24.56
False negative 3.64 7.02 6.14

From Table E.4, we observe that GraphEQAhas the least number of false positives
and false negatives, yielding more reliable success rates. We note that Explore-
EQA-GPT4o has a considerable percentage of false positives, i.e., questions are
answered correctly based on guessing without grounding the answer in the current
environment. This sheds light on why Explore-EQA-GPT4o has comparable suc-
cess rates to Explore-EQA-GPT4o, even with considerably fewer planning steps
(Table 6.1).This provides further evidence that GraphEQAeffectively grounds GPT-
4o in the current environment, is not overconfident based on commonsense reasoning
and explores the environment until it can answer the question based on evidence. See
additional results in Appendix E.5, categorized by question type.
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Question: Did I leave any pot on the stove?  
A. Two B. None C. Three D. One 
Answer: B 

True Positive False Positive

Figure E.1: An example of a false positive case. The image on the left is the image that can
be used to answer the question correctly. The image on the right is the image used by an agent
to ’guess’ the answer correctly with high confidence without grounding the answer in the current
environment.

Question: Which pillows are there on the bed right now?  
A. Green ones B. Black ones C. Red ones D. Purple ones 
Answer: D 

True Positive False Negative

Figure E.2: An example of a false negative case. The question inquires about the color of the
pillow on the bed. The question is ambiguous. On the left is the image that corresponds to the
answer in the dataset i.e. purple pillows. On the right is an image that the agent encounters during
exploration and answers that the pillows are ’green’ with high confidence. Given the image, the
answer is correct but is deemed incorrect in the dataset.
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E.9 Structured Output
We employ the structured output capabilities of OpenAI’s Python API to force a

desired structure on what is output by GPT4o. Below is the create planner response
function used in the implementation of GraphEQA.

1 def create_planner_response ( frontier_node_list , room_node_list ,
region_node_list , object_node_list , Answer_options ):

2

3 class Goto_frontier_node_step ( BaseModel ):
4 explanation_frontier : str
5 frontier_id : frontier_node_list
6

7 class Goto_object_node_step ( BaseModel ):
8 explanation_room : str
9 explanation_obj : str

10 room_id : room_node_list
11 object_id : object_node_list
12

13 class Answer ( BaseModel ):
14 explanation_ans : str
15 answer : Answer_options
16 explanation_conf : str
17 confidence_level : float
18 is_confident : bool
19

20 class PlannerResponse ( BaseModel ):
21 steps: List[Union[ Goto_object_node_step ,

Goto_frontier_node_step ]]
22 answer : Answer
23 image_description : str
24 scene_graph_description : str
25

26 return PlannerResponse

Code Listing E.1: The create planner response function used to structure output
from GPT4o.

The create planner response function takes as input enums for frontier nodes,
room nodes, region nodes, object nodes, and the answer options for the particular
question being answered by the VLM. These enums are used to populate the mem-
ber variables of the Goto frontier node step, Goto object node step, and Answer
classes, enforcing both type as well as the options available when calling the OpenAI
API.
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E.10 Additional Real-world Experiments in Home
Environments

Additional experiments for Home Environment (a) and the questions asked of
GraphEQA are shown below. We provide a sequence of ten images from the head
camera on the robot to illustrate exploration and validation of GraphEQA’s answer
to the question. Each experiment for Home Environment (a) was executed twice
successfully. We show a single trial from this set for each experiment.

E.10.1 Home Environment (a)

Question 1: Is there a blue pan on the stove?
A. Yes
B. No
Answer: A

Q: Is the front door next to the staircase open? A) Yes. B) No.

Q: Is there a blue pan on the stove? A) Yes. B) No.

<latexit sha1_base64="Gj37RmfW1vIRk5p+VfaGGrXRPHI=">AAAB8nicbVBNSwMxEM36WetX1aOXYBHqpeyKVI9FLx5bsB+wXUo2zbah2WRJZsWy9Gd48aCIV3+NN/+NabsHbX0w8Hhvhpl5YSK4Adf9dtbWNza3tgs7xd29/YPD0tFx26hUU9aiSijdDYlhgkvWAg6CdRPNSBwK1gnHdzO/88i04Uo+wCRhQUyGkkecErCSX+kBe4Ks6U0v+qWyW3XnwKvEy0kZ5Wj0S1+9gaJpzCRQQYzxPTeBICMaOBVsWuylhiWEjsmQ+ZZKEjMTZPOTp/jcKgMcKW1LAp6rvycyEhsziUPbGRMYmWVvJv7n+SlEN0HGZZICk3SxKEoFBoVn/+MB14yCmFhCqOb2VkxHRBMKNqWiDcFbfnmVtC+rXq1aa16V67d5HAV0is5QBXnoGtXRPWqgFqJIoWf0it4ccF6cd+dj0brm5DMn6A+czx+rR5Df</latexit>

(Q1)

Figure E.3: Home Environment (a) Question 1: Is there a blue pan on the stove? For
this question, the agent takes four VLM steps in the environment, beginning by reasoning about
the current information it has access to; “I can’t answer confidently as the current view and scene
graph don’t reveal a kitchen or stove.”. The agent then takes two GotoFrontierNodeStep steps to
explore, and as shown in Frame 5 (from the left) gains access to the stove via the scene graph:
“The stove is connected to region and frontier nodes, suggesting proximity.”. The agent then takes a
GotoObjectNodeStep(stove) step, navigates to the stove, and upon reaching it answers “The image
shows a blue pan on the stove.”, answering with high confidence. To see the full experiment in
video, please see grapheqa.github.io.

Question 2: How many white cushions are there on the grey couch?
A. 1
B. 2
C. 3
D. 4
Answer: B
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Q: Is the front door next to the staircase open? A) Yes. B) No.

Q: Is there a blue pan on the stove? A) Yes. B) No.

<latexit sha1_base64="Gj37RmfW1vIRk5p+VfaGGrXRPHI=">AAAB8nicbVBNSwMxEM36WetX1aOXYBHqpeyKVI9FLx5bsB+wXUo2zbah2WRJZsWy9Gd48aCIV3+NN/+NabsHbX0w8Hhvhpl5YSK4Adf9dtbWNza3tgs7xd29/YPD0tFx26hUU9aiSijdDYlhgkvWAg6CdRPNSBwK1gnHdzO/88i04Uo+wCRhQUyGkkecErCSX+kBe4Ks6U0v+qWyW3XnwKvEy0kZ5Wj0S1+9gaJpzCRQQYzxPTeBICMaOBVsWuylhiWEjsmQ+ZZKEjMTZPOTp/jcKgMcKW1LAp6rvycyEhsziUPbGRMYmWVvJv7n+SlEN0HGZZICk3SxKEoFBoVn/+MB14yCmFhCqOb2VkxHRBMKNqWiDcFbfnmVtC+rXq1aa16V67d5HAV0is5QBXnoGtXRPWqgFqJIoWf0it4ccF6cd+dj0brm5DMn6A+czx+rR5Df</latexit>

(Q1)

Q: How many white cushions are there on the grey couch? A) 1. B) 2. C) 3. D) 4.

Figure E.4: Home Environment (a) Question 2: How many white cushions are there
on the grey couch? For this question, the agent takes a total of six VLM steps, initiating
its exploration by reasoning about the frontiers and objects it has access to in the scene graph;
“No frontiers or objects are directly related to locating the grey couch. I’ll choose a frontier to
explore unexplored areas.”. The agent then has access to a couch (see Frame 4 from the left) and
chooses GotoObjectNodeStep(couch) for two VLM steps to search around the only couch it can see.
After executing these object node steps, the agent then has access to a secondary couch it has not
explored, and so chooses GotoObjectNodeStep(couch) once more to explore the grey couch, stating
“The current view doesn’t clearly show the number of white cushions on the grey couch, so I need
a closer look.” In the final VLM step the agent answers the question; “The image shows a grey
couch with two white cushions. There is also a table with various items in front of the
couch.” To see the full experiment in video, please see grapheqa.github.io.

Question 3: Where is my handbag?
A. On the coat rack
B. On the floor
C. On the couch
Answer: A

Q: Is the front door next to the staircase open? A) Yes. B) No.

Q: Is there a blue pan on the stove? A) Yes. B) No.

<latexit sha1_base64="Gj37RmfW1vIRk5p+VfaGGrXRPHI=">AAAB8nicbVBNSwMxEM36WetX1aOXYBHqpeyKVI9FLx5bsB+wXUo2zbah2WRJZsWy9Gd48aCIV3+NN/+NabsHbX0w8Hhvhpl5YSK4Adf9dtbWNza3tgs7xd29/YPD0tFx26hUU9aiSijdDYlhgkvWAg6CdRPNSBwK1gnHdzO/88i04Uo+wCRhQUyGkkecErCSX+kBe4Ks6U0v+qWyW3XnwKvEy0kZ5Wj0S1+9gaJpzCRQQYzxPTeBICMaOBVsWuylhiWEjsmQ+ZZKEjMTZPOTp/jcKgMcKW1LAp6rvycyEhsziUPbGRMYmWVvJv7n+SlEN0HGZZICk3SxKEoFBoVn/+MB14yCmFhCqOb2VkxHRBMKNqWiDcFbfnmVtC+rXq1aa16V67d5HAV0is5QBXnoGtXRPWqgFqJIoWf0it4ccF6cd+dj0brm5DMn6A+czx+rR5Df</latexit>

(Q1)

Q: How many white cushions are there on the grey couch? A) 1. B) 2. C) 3. D) 4.

Q: Where is my handbag? A) On the coat rack. B) On the floor. C) On the couch.

Figure E.5: Home Environment (a) Question 3: Where is my handbag? The agent takes
a total of three VLM steps to determine the location of the handbag, beginning with exploration
guided by the scene graph; “The scene graph shows several frontiers connected to objects or areas,
but none seem directly related to a potential couch or coat rack. Exploration of frontiers is necessary”.
After the first GotoFrontierNodeStep to explore, the agent identifies a handbag in the environment;
“Although the scene graph indicates the handbag is in the living room, further exploration is needed
to confirm its position.”, but cannot yet confirm its position among the options available to it. Finally,
the agent takes a GotoObjectNodeStep to gain a better view of the handbag and its position; “I
have visual confirmation from the current image showing the handbag on the coat
rack.”. To see the full experiment in video, please see grapheqa.github.io.

Question 4: Where is the trashcan?
A. Next to the sink
B. Next to the refrigerator
Answer: A
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Q: Is there a blue pan on the stove? A) Yes. B) No.

<latexit sha1_base64="Gj37RmfW1vIRk5p+VfaGGrXRPHI=">AAAB8nicbVBNSwMxEM36WetX1aOXYBHqpeyKVI9FLx5bsB+wXUo2zbah2WRJZsWy9Gd48aCIV3+NN/+NabsHbX0w8Hhvhpl5YSK4Adf9dtbWNza3tgs7xd29/YPD0tFx26hUU9aiSijdDYlhgkvWAg6CdRPNSBwK1gnHdzO/88i04Uo+wCRhQUyGkkecErCSX+kBe4Ks6U0v+qWyW3XnwKvEy0kZ5Wj0S1+9gaJpzCRQQYzxPTeBICMaOBVsWuylhiWEjsmQ+ZZKEjMTZPOTp/jcKgMcKW1LAp6rvycyEhsziUPbGRMYmWVvJv7n+SlEN0HGZZICk3SxKEoFBoVn/+MB14yCmFhCqOb2VkxHRBMKNqWiDcFbfnmVtC+rXq1aa16V67d5HAV0is5QBXnoGtXRPWqgFqJIoWf0it4ccF6cd+dj0brm5DMn6A+czx+rR5Df</latexit>

(Q1)

Q: Where is the trashcan? A) Next to the sink B) Next to the refrigerator

Figure E.6: Home Environment (a) Question 4: Where is the trashcan? The agent takes
a total of six VLM steps to determine the location of the trashcan, beginning with exploration guided
by the scene graph; “The image and scene graph don’t provide information about a kitchen or a
trashcan location. Choosing a frontier that might lead to a kitchen.” The following four steps are
GotoFrontierNodeStep actions, as the agent prioritizes exploring over investigating specific objects in
the environment; “The current scene graph shows objects like a cushion, stove, chair, table, blanket,
and other kitchen-related items like a dishwasher, hand towel, cabinet, and sink in the vicinity.”
Finally, the agent visually confirms the location of the trashcan; “Given the clear visibility of
the trashcan next to the sink in Image 1, I am confident in answering with certainty.”
Note that Image 1 for this experiment is the 9th image in the sequence of ten above. To see the full
experiment in video, please see grapheqa.github.io.

Question 5: Is the front door next to the staircase open?
A. Yes
B. No
Answer: B

Q: Is the front door next to the staircase open? A) Yes. B) No.

Q: Is there a blue pan on the stove? A) Yes. B) No.

<latexit sha1_base64="Gj37RmfW1vIRk5p+VfaGGrXRPHI=">AAAB8nicbVBNSwMxEM36WetX1aOXYBHqpeyKVI9FLx5bsB+wXUo2zbah2WRJZsWy9Gd48aCIV3+NN/+NabsHbX0w8Hhvhpl5YSK4Adf9dtbWNza3tgs7xd29/YPD0tFx26hUU9aiSijdDYlhgkvWAg6CdRPNSBwK1gnHdzO/88i04Uo+wCRhQUyGkkecErCSX+kBe4Ks6U0v+qWyW3XnwKvEy0kZ5Wj0S1+9gaJpzCRQQYzxPTeBICMaOBVsWuylhiWEjsmQ+ZZKEjMTZPOTp/jcKgMcKW1LAp6rvycyEhsziUPbGRMYmWVvJv7n+SlEN0HGZZICk3SxKEoFBoVn/+MB14yCmFhCqOb2VkxHRBMKNqWiDcFbfnmVtC+rXq1aa16V67d5HAV0is5QBXnoGtXRPWqgFqJIoWf0it4ccF6cd+dj0brm5DMn6A+czx+rR5Df</latexit>

(Q1)

Q: How many white cushions are there on the grey couch? A) 1. B) 2. C) 3. D) 4.

Q: Where is my handbag? A) On the coat rack. B) On the floor. C) On the couch.

Figure E.7: Home Environment (a) Question 5: Is the front door next to the staircase
open? The agent takes a total of four VLM steps to determine the state of the door, beginning its
exploration by identifying where it is located and choosing an action appropriately; “The scene graph
shows the agent’s location in the kitchen. There aren’t any nodes indicating a door or staircase.
I will explore a frontier as it could lead to a new area where the front door or staircase might be
visible”. The agent’s next two actions are GotoFrontierNodeStep actions, explaining the second of
these choices as follows; “To potentially locate the staircase, I will explore the frontier connected
to a couch, which could be in the living room area.”. The agent then chooses another frontier since
“...the current view does not show much that relates directly to the front door or staircase.” Finally,
along its trajectory to that frontier node, the agent identifies relevant images to the question and
answers; “The current image shows a blue couch in the center. To the left, a staircase
is visible. Just beyond the couch is a door that is closed.”. To see the full experiment in
video, please see grapheqa.github.io.
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E.10.2 Home Environment (b)

Question 1: What is the color of the dehumidifier?
A. Blue
B. White and Gray
Answer: B

Q: Is there a blue pan on the stove? A) Yes. B) No.
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(Q1)

Q: Where is the trashcan? A) Next to the sink B) Next to the refrigerator

Q: What is the color of the dehumidifier? A) Blue, B)White, C) Black

Figure E.8: Home Environment (b) Question 1: What is the color of the dehumidifier?
The agent takes a total of nine VLM steps to answer this question, and starts by exploring a frontier
node; “I need to find the dehumidifier machine to determine its color. It is not currently in the
scene graph or visible.” The next eight steps are chosen as frontier steps, with explanations like
“The dehumidifier is not in the scene graph. I need to explore to find it. The current image shows
a potential candidate object (white appliance) near the chair (object3) and backpack (object17).”
The final frontier step taken reveals the dehumidifier; “The object potentially representing the
dehumidifier (object26, labeled ’box’) is in room0. There are two white, boxy machines on the floor,
likely dehumidifiers or air purifiers. One has a gray top panel.” To see the full experiment in video,
please see grapheqa.github.io.

Question 2: Is there any object on the black plastic drawer?
A. Yes
B. No
Answer: B

Q: Is there a blue pan on the stove? A) Yes. B) No.
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(Q1)

Q: Where is the trashcan? A) Next to the sink B) Next to the refrigerator

Q: What is the color of the dehumidifier? A) Blue, B)White, C) Black

Q: Is there anything on top of the black plastic drawer? A) Yes, B) No

Figure E.9: Home Environment (b) Question 2: Is there any object on the black plastic
drawer? The agent takes a total of nine VLM steps. The first step taken is a frontier node step
chosen due to its connection to a candidate object; “I need to explore the environment to find the
’black plastic drawer’ mentioned in the question, as it is not currently in the scene graph. The
image shows a potential candidate object near the ’chair’ (object1). Frontier3 is linked to the ’chair’
(object1) and appears to be in the direction of the area needing investigation based on the current
view.” The following six steps are GotoFrontierNodeStep actions with explanations similar to “This
object is not currently in the scene graph or visible. Exploring a frontier might reveal new areas and
objects, potentially including the drawer.” Finally, the agent is able to visually confirm the presence
of the black plastic drawer with high confidence. To see the full experiment in video, please see
grapheqa.github.io.
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Question 3: What is next to the white shopping bag?
A. Stool
B. Broom
C. Dehumidifier
Answer: A

Q: Is there a blue pan on the stove? A) Yes. B) No.
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(Q1)

Q: What is next to the white shopping bag? A) Stool, B) Broom, C) Dehumidifier

Figure E.10: Home Environment (b) Question 3: What is next to the white
shopping bag? The agent takes a total of four VLM steps in this experiment, all of
which are exploratory GotoFrontierNodeStep actions until the stool is identified as
being next to the shopping bag.
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E.11 Additional Real-world Experiments in Office
and Workshop Environments

Additional experiments in the office environment are shown in Figure E.12 and
Figure E.13. They include both success and failure cases. For videos of additional
experiments in the home environment, please refer to the website.

E.11.1 Qualitative Analysis
Workshop environment
GraphEQAwas provided with the following multiple choice question:

Question: Where is the backpack?
A. On the chair
B. On the table
Answer: A

The agent first takes a <Goto_Object_node>(chair) step in the environment after
an initial rotate-in-place mapping operation to populate the scene graph, choosing
to investigate a chair found in the environment. An explanation for this choice is
provided by the VLM: “Objects like the chair or table might have the backpack, so
checking close to these areas is essential.” The robot then begins navigating to the
chair to determine if the backpack is located there. During execution of the trajectory
toward the chair, GraphEQAleverages its task-relevant visual memory to score three
images encountered on its way to the chair. These images are shown in Figure E.11.

Figure E.11: Task-relevant images selected by GraphEQA for the task ”Where is the backpack?”.

After finishing the execution of this trajectory, GraphEQAanswers the question
with ‘On the chair’ and provides the following explanation of its answer: “The back-
pack is visually confirmed to be on the chair in the current image. The presence of
the backpack on the chair makes it clear that the correct answer to the question is
’On the chair’.”
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Question: Is the door to the lobby open?
A. Yes. B. No.
Answer: A

In this particular experiment, the agent takes three planning steps, two of which
constitute <Goto_Object_node>(cabinet) steps, and one <Goto_Frontier_node>(frontier_id).
For the step prior to the final action during which the agent answers the question
correctly, the explanation of its current answer is “There is no direct observation of
the lobby door in the current view or the scene graph. Since I’ve previously explored
without finding the door, and considering I do not have visual confirmation, I cannot
accurately determine if the door is open or closed.” after which the agent takes the
frontier step to explore, finding the lobby door and correctly answering the question.

We ask the agent a second question regarding the location of a blue water bottle,
along with three multiple choice answers.

Question: Where is the blue water bottle?
A. On the table
B. On the cabinet
C. On the floor
Answer: B

After exploring the environment with one <Goto_Object_node>(cabinet) step, see
Figure 6.4, the agent successfully finds the water bottle and confirms its location,
providing the following justification for its answer: “The image shows a cabinet with
some objects on top, including a blue water bottle. There is also a computer monitor
and various tools visible on the countertop.”
Office environment We ask the following question in an office setting.

Question: Is my sweater on the blue couch?
A. Yes
B. No Answer. A

The agent starts by taking a <Goto_Object_node>(couch) step, to explore the blue
couch. The following VLM explanation of the object step clarifies GraphEQAis re-
ferring to the blue couch:

explanation obj=‘I need to locate the blue couch before I can determine
if the sweater is on it or not.’ object id=<object node list.object 1: couch>

The low-level planner implementation on Hello Robot’s stretch does not plan the en-
tire path to the blue couch, however, resulting in several more <Goto_Object_node>(couch)
steps before answering the question confidently after 11 steps.
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E.11.2 Additional Real-world Experiments in an Office En-
vironment

Figure E.12: Additional experiments from deploying GraphEQAon the Hello Robot Stretch RE2
platform in a workshop environment (b, c, d) and in an office (a). (c) and (d) are failure cases. Each
set of images is from the head camera on the Stretch robot, and represents the top-k task-relevant
images at each planning step. Provided under the images are the answers, confidence levels, and
explanations output from the VLM planner.
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Figure E.13: Additional experiments from deploying GraphEQAon the Hello Robot Stretch RE2
platform in an office environment (e, f). (e) is a failure case. Each set of images is from the head
camera on the Stretch robot, and represents the top-k task-relevant images at each planning step.
Provided under the images are the answers, confidence levels, and explanations output from the
VLM planner.

E.12 Qualitative results

E.12.1 Exploration Efficiency and Trajectory Generation
We illustrate the differences in exploration between GraphEQA and Explore-EQA

through the following example. Figure E.14(a) shows the trajectory taken by an
agent employing Explore-EQA in a scene in the HM3D dataset taking 30 VLM steps,
while Figure E.14(b) shows the trajectory taken by an agent employing GraphEQA
in that same scene taking a total of 5 VLM steps. We highlight here how Explore-
EQA not only takes more steps, but that steps are often guided only by the semantic
map constructed by images, leading to more exploration, while GraphEQA takes
more structured steps in its environment, guided by the scene graph, to answer the
question.
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(b)

Figure E.14: Qualitative comparison of exploration trajectories of ExploreEQA vs
GraphEQA. (a) A top down view of the map constructed by Explore-EQA illustrating
explored areas for a scene in the HM3D dataset. The agent’s initial position is
depicted in green and its final position in red. The trajectory of the agent is shown in
black. (b) A top down view of scene reconstruction output by Hydra as GraphEQA
explores the same HM3D scene used in the Explore-EQA map to the left. The agent’s
initial position is again in green and its final position in red. The agent’s trajectory is
shown in blue in this image. In this figure, we want to bring attention to the contrast
between a typical trajectory taken by an agent employing GraphEQA vs. a typical
trajectory taken by an agent employing Explore-EQA.

E.12.2 Choosing object-nodes and frontiers semantically
In E.12.2 we provide a qualitative examples of GraphEQAplanner choosing to go

near a ’couch’ to better answer a question about living room lights. This shows that
the planner chooses task-relevant objects to guide exploration. In E.12.2 we provide a
qualitative examples of GraphEQAplanner choosing task-relevant frontier nodes and
object nodes to guide exploration.
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Qualitative results - choosing task-relevant object
nodes

Question:: Is the living room light on?
A. (Do not choose this option)
B. (Do not choose this option)
C. No
D. Yes.

Answer: D
At t=0::
Agent state: The agent is currently at node agent1 at position
[-2.928846836090088, -1.5354466438293457, 4.291640281677246] at room node:
room0 with name living room

Action: explanation room=I need to further investigate the living room to
possibly find indicators like light switches or bulbs. explanation obj=Going
near the blue couch might provide a better view of the surroundings, including
light fixtures. room id=room 0: ’living room’ object id=object 13: ’couch’
Answer: explanation ans= I need to explore more areas related to lighting in

the living room before answering confidently. answer=Answer options A: ’(Do
not choose this option)’ explanation conf=’The scene graph and current image
do not provide enough information on lighting. Going near specific objects
like the couch could help.’ confidence level=0.2 is confident=False

At t=1::
Agent state: The agent is currently at node agent7 at position
[-2.2595670223236084, -2.6618852615356445, 4.291640281677246] at room node:
room 0 with name living room
Answer: explanation ans=’The image clearly shows a light fixture on the

ceiling that appears to be on. This indicates that the living room light
is indeed on.’ answer=D ’Yes’ explanation conf=’The light fixture being on is
visible in the image, providing clear evidence that the living room light is
on.’ confidence level=0.9 is confident=True

Qualitative example of GraphEQAplanner choosing task-relevant object nodes for
exploration.
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Qualitative results: choosing task-relevant frontier
nodes

Question:: Is the kitchen sink currently free of dishes?
A. (Do not choose this option)
B. (Do not choose this option)
C. Yes, it’s empty
D. No, there are dishes.
Answer: C
At t=0::
Agent state: The agent is currently at node agent 1 at position [0.9115259647369385,
-0.7087370157241821, -1.5000251531600952] at room node: room 0 with name bedroom
Action: explanation frontier="The kitchen typically contains objects like chairs, tables, etc.
Frontier 4 is near objects that could indicate a transition to a dining or kitchen area, as it is
near the couch and chair, which might lead to a kitchen. It’s worth exploring this frontier to find
the kitchen." frontier id= frontier 4
Answer: explanation ans="Currently, the kitchen is not visible in the scene. The scene graph and
current image provide information about a bedroom, but not a kitchen. Therefore, I can’t answer
whether the kitchen sink is free of dishes." answer= A: ’(Do not choose this option)’ explanation
conf="I haven’t yet gathered any information on the kitchen or the sink from my current location in
the bedroom, and no other regions of the building have been explored yet." confidence level=0.0 is
confident=False
At t=1::
Agent state: The agent is currently at node agent 6 at position [2.5569498538970947,
2.228832721710205, -1.5000251531600952] at room node: room 0 with name living room
Action: explanation frontier="The frontier 2 is connected to objects like the table, cabinet,
fridge, and plates, which might lead to a kitchen area or provide a clue to the sink’s status."
frontier id=frontier 2
Answer: explanation ans=’Currently, there is no visual confirmation of a sink in the image or scene
graph, and insufficient detail to determine if the kitchen sink is free of dishes.’ answer=A: ’(Do
not choose this option)’ explanation conf="The scene graph and current image give no direct view of
a kitchen sink or its status, so it’s uncertain whether it’s free of dishes." confidence level=0.2
is confident=False
At t=2::
Agent state: The agent is currently at node agent 11 at position [2.6420648097991943,
-0.10468387603759766, -1.5000251531600952] at room node: room 0 with name living room
Action: explanation room=’To determine if the kitchen sink is free of dishes, I need to transition
from the living room to the kitchen area, where the sink is likely located. Frontiers associated
with kitchen-related objects can guide me there.’ explanation obj="To check the sink, moving
towards the ’plates’ near object 41 might lead to the kitchen area." room id=room 0: ’living room’
object id=object 41: ’plates’

...

120



App. E – Appendix for GraphEQA

...

Answer: explanation ans="Currently, I don’t have enough information to directly answer if the
kitchen sink is free of dishes, based on the image or scene graph. Further exploration is needed to

confirm the state of the sink." answer=A: ’(Do not choose this option)’ explanation conf="Given my
current location and the items visible, I can’t see the sink or its contents. I need to navigate
closer to where I suspect the sink might be, based on kitchen-related objects like plates."
confidence level=0.3 is confident=False

At t=3::
Agent state:The agent is currently at node agent 21 at position [1.7573769092559814,
-0.35986196994781494, -1.5000251531600952] at room node: room 0 with name living room
Answer: explanation ans=’The image shows the kitchen, and the sink area is visible. There

are no dishes in the sink, indicating it is empty.’ answer=C: "Yes, it’s empty" explanation
conf=’The image clearly shows the sink, and there are no dishes visible, providing clear evidence
to confidently answer the question.’ confidence level=1.0 is confident=True

Qualitative example of GraphEQAplanner choosing task-relevant frontier and object nodes for exploration.
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Full VLM Prompt

Agent prompt: You are an excellent hierarchical graph planning agent. Your goal is to navigate an
unseen environment to confidently answer a multiple-choice question about the environment. As you
explore the environment, your sensors are building a scene graph representation (in json format) and
you have access to that scene graph.
Scene graph description: A scene graph represents an indoor environment in a hierarchical tree
structure consisting of nodes and edges/links. There are six types of nodes: building, rooms,
visited areas, frontiers, objects, and agent in the environment. The tree structure is as follows:
At the highest level 5 is a ’building’ node. At level 4 are room nodes. There are links connecting
the building node to each room node. At the lower level 3, are region and frontier nodes. ’region’
node represent region of room that is already explored. Frontier nodes represent areas that are
at the boundary of visited and unexplored areas. There are links from room nodes to corresponding
region and frontier nodes depicted which room they are located in. At the lowest level 2 are object
nodes and agent nodes. There is an edge from region node to each object node depicting which
visited area of which room the object is located in. There are also links between frontier nodes
and objects nodes, depicting the objects in the vicinity of a frontier node. Finally the agent node
is where you are located in the environment. There is an edge between a region node and the agent
node, depicting which visited area of which room the agent is located in.
Current state description: CURRENT STATE will give you the exact location of the agent in the scene
graph by giving you the agent node id, location, room id and room name.
General Description: Given the current state information, try to answer the question. Explain
the reasoning for selecting the answer. Finally, report whether you are confident in answering
the question. Explain the reasoning behind the confidence level of your answer. Rate your

level of confidence. Provide a value between 0 and 1; 0 for not confident at all and 1 for
absolutely certain. Do not use just commonsense knowledge to decide confidence. Choose TRUE, if
you have explored enough and are certain about answering the question correctly and no further
exploration will help you answer the question better. Choose ’FALSE’, if you are uncertain of the
answer and should explore more to ground your answer in the current environment. Clarification:
This is not your confidence in choosing the next action, but your confidence in answering the
question correctly. If you are unable to answer the question with high confidence, and need
more information to answer the question, then you can take two kinds of steps in the environment:
Goto object node step or Goto frontier node step You also have to choose the next action, one which
will enable you to answer the question better. Goto object node step: Navigates near a certain
object in the scene graph. Choose this action to get a good view of the region around this
object, if you think going near this object will help you answer the question better. Important
to note, the scene contains incomplete information about the environment (objects maybe missing,
relationships might be unclear), so it is useful to go near relevant objects to get a better view to
answer the question.

...
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Use a scene graph as an imperfect guide to lead you to relevant regions to inspect. Choose the
object in a hierarchical manner by first reasoning about which room you should goto to best answer
the question, and then choose the specific object. Goto frontier node step: If you think that using
action ‘‘Goto object node step’’ is not useful, in other words, if you think that going near any
of the object nodes in the current scene graph will not provide you with any useful information to
answer the question better, then choose this action. This action will navigate you to a frontier
(unexplored) region of the environment and will provide you information about new objects/rooms
not yet in the scene graph. It will expand the scene graph. Choose this frontier based on the
objects connected this frontier, in other words, Goto the frontier near which you see objects that
are useful for answering the question or seem useful as a good exploration direction. Explain
reasoning for choosing this frontier, by listing the list of objects (<id> and <name>) connected to
this frontier node via a link (refer to scene graph). While choosing either of the above actions,
play close attention to ’HISTORY’ especially the previous ’Action’s to see if you have taken the
same action at previous time steps. Avoid taking the same actions you have taken before. Describe
the CURRENT IMAGE. Pay special attention to features that can help answer the question or select
future actions. Describe the SCENE GRAPH. Pay special attention to features that can help answer
the question or select future actions.’’

Prompt 1: The prompt used in the implementation of GraphEQA.
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