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Abstract

This thesis addresses the critical challenge of enabling robotic agents to per-
ceive, understand, and intelligently interact with complex, large-scale 3D
environments. We develop a comprehensive framework that progresses from
foundational scene reconstruction to high-level embodied reasoning, enabling
robots to perceive their physical surroundings and act on natural language
instructions. The contributions are presented across three main chapters,
each building upon the last to create a cohesive system for scalable 3D scene
understanding and manipulation.

The first part of this work focuses on overcoming the limitations of repre-
senting spatially-extended environments. We introduce NeRFuser, a novel
framework that constructs high-fidelity, large-scale 3D scene representations
by registering and blending multiple, independently created Neural Radiance
Fields (NeRFs). By operating without access to original training images or
poses, NeRFuser provides a practical and scalable solution for creating de-
tailed models of large areas, laying the essential groundwork for a robot’s
spatial awareness.

Building on this static scene representation, the second part delves into
understanding the dynamic properties of objects, a crucial capability for
meaningful interaction. We present SplArt, a method for reconstructing
articulated objects by observing them in just two distinct states. SplArt
solves for the object’s kinematic properties, such as its articulation model,
from sparse temporal data. This enables not only the accurate 3D recon-
struction of dynamic objects but also provides the necessary understanding
of their movable parts for subsequent robotic manipulation tasks.

The final part of this thesis bridges the gap between scene understanding
and embodied intelligence by leveraging the reasoning capabilities of Large
Language Models (LLMs), explored through two complementary systems.
First, Transcrib3D empowers robots to ground complex, free-form referring
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ABSTRACT iii

expressions by reasoning over a textual transcript of the 3D scene, enabling
robust interpretation of human commands. Second, Statler introduces a
state-maintaining LLM architecture that explicitly tracks the state of the
world. This allows the robot to perform long-horizon, multi-step tasks by
reasoning over both the user’s intent and a consistently updated world state.
Together, these works demonstrate how LLMs can serve as a powerful reason-
ing engine for robotic agents, connecting high-level goals to low-level actions
within a meticulously reconstructed and understood 3D world.

In essence, this thesis presents a unified pipeline that advances robotic
perception and reasoning from the ground up. By first establishing a ro-
bust method for scalable 3D scene reconstruction and dynamic object un-
derstanding, we create a rich, detailed world model that integrates three-
dimensional structure, articulated-object dynamics, and the world state that
evolves through interaction. We then demonstrate that this model can be
effectively utilized by LLM-based agents to understand human language and
maintain state for complex, long-horizon tasks. The collective contributions
pave the way for more capable and collaborative robotic systems that can
seamlessly operate in human-centric environments.
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Chapter 1

Introduction

For robotic agents to become truly integrated into human-centric environ-
ments, they must possess the ability to perceive, comprehend, and interact
with the world in a manner that is both intelligent and scalable. This re-
quires more than just recognizing objects; it demands a deep understanding
of the three-dimensional structure of large-scale spaces, the dynamic prop-
erties of the objects within them, and the nuances of human language used
to direct action. Current robotic systems often struggle with these inter-
connected challenges. They may be limited to small, predefined workspaces,
lack the ability to understand how objects can move or change, or fail to
interpret complex, colloquial instructions from human collaborators. This
thesis confronts these limitations directly by proposing a unified framework
that builds a bridge from foundational 3D scene understanding to high-level,
language-driven embodied reasoning.

The central challenge this work addresses is enabling a robot to build
a rich, actionable model of its environment and then leverage that model
to perform complex, long-horizon tasks specified through natural language.
This problem can be decomposed into two fundamental questions: (1) How
can a robot efficiently build a detailed and accurate 3D representation of its
environment, especially one that extends beyond a single viewpoint? and
(2) How can this representation be used to reason about the world’s state,
understand dynamic object properties, and ground human language for in-
telligent manipulation?

To answer these questions, this thesis presents a series of contributions
that advance the state of the art in robotic perception and reasoning. Our ap-
proach follows a logical progression, starting with the fundamental problem
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of scene representation and culminating in sophisticated, language-enabled
robotic behavior. First, we tackle the challenge of spatial scalability in 3D
reconstruction. We then move to understanding the dynamic, articulated
nature of objects, a critical step for meaningful interaction. Finally, we inte-
grate the power of Large Language Models (LLMs) to empower the robotic
agent to reason about its world, understand complex commands, and main-
tain a consistent understanding of the environment over time.

1.1 Core Contributions
The journey toward capable robotic assistants begins with a robust model of
the physical world, as a robot’s ability to act is fundamentally constrained
by its ability to accurately perceive its surroundings. This thesis constructs
a comprehensive pipeline that progressively builds a world model—by which
we mean the agent’s internal representation of its physical environment, en-
compassing its three-dimensional structure, the kinematics of the articulated
objects within it, and the world state that evolves through interaction, rather
than a predictive forward model in the generative-modeling sense. We build
this representation in layers—a scalable spatial map of the environment, an
understanding of how its articulated objects move, and an explicit world state
that the agent updates as it acts—and use the resulting model to ground lan-
guage commands and support high-level reasoning for intelligent action.

The first pillar of our research addresses the need for 3D scene represen-
tations that are not only high-fidelity but also scalable to large, real-world
environments. While Neural Radiance Fields (NeRFs) [30] excel at synthe-
sizing photorealistic views, their expressivity is fundamentally constrained by
the capacity of a single model, making them ill-suited for representing expan-
sive areas. As detailed in Chapter 2, we introduce NeRFuser, a framework
that overcomes this by composing large-scale scenes from multiple, indepen-
dently created NeRFs [137]. Critically, NeRFuser operates without access to
the original training images or camera poses, making it highly practical for
decentralized mapping scenarios. It achieves this through a two-stage pro-
cess: a novel registration from re-rendering technique to robustly align the
NeRFs in a common coordinate frame, followed by a fine-grained, sample-
based blending method that produces seamlessly integrated views. This work
establishes the foundational capability for a robot to build a comprehensive
and scalable spatial map of its environment.



CHAPTER 1. INTRODUCTION 3

A static scene representation, however, is insufficient for meaningful inter-
action. Robots must also understand that objects have functional properties
defined by their ability to move. The second part of this thesis, presented
in Chapter 3, focuses on the reconstruction and understanding of articu-
lated objects. Reconstructing such objects is challenging, yet crucial for ma-
nipulation. We introduce SplArt, a self-supervised and category-agnostic
framework that reconstructs an articulated object and infers its kinematic
properties from sparse observations of just two distinct end states [171].
Leveraging 3D Gaussian Splatting (3DGS) [104] for real-time, high-fidelity
rendering, SplArt augments each Gaussian with a differentiable mobility
parameter. This innovation, combined with a multi-stage optimization strat-
egy and geometric self-supervision, allows the system to robustly segment the
object into its static and mobile parts and accurately estimate its articulation
model without requiring 3D annotations or category-specific priors.

With the spatial and kinematic layers of our world model in place, the
final step is to connect them to high-level embodied intelligence using Large
Language Models (LLMs). Chapter 4 explores this through two complemen-
tary systems. First, Transcrib3D addresses the critical task of grounding
natural language in the 3D world [138]. It sidesteps the data scarcity prob-
lem of traditional multi-modal methods by using text as a unifying medium.
A 3D object detector first generates a textual “transcript” of the scene,
which an LLM then reasons over to resolve complex referring expressions.
Second, Statler introduces a state-maintaining LLM architecture to tackle
long-horizon tasks [162]. It employs a world-state reader to generate actions
based on the current state and a world-state writer to update the state after
execution. By making the world state explicit, Statler enables a robot to
reason over a consistently updated view of its environment. Together, these
systems provide a powerful reasoning engine, translating high-level human
goals into concrete actions within the reconstructed 3D world.

1.2 Thesis Outline
This thesis is structured into three main chapters, each presenting a core
contribution to the overarching goal of scalable 3D scene understanding and
embodied reasoning for robotics.

• Chapter 2 introduces NeRFuser, a novel framework for creating high-
fidelity, large-scale 3D scene representations. We detail our proposed
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methods for registering and blending multiple pre-trained NeRFs with-
out requiring access to the original training images or poses. This work
establishes the foundational capability for a robot to build a compre-
hensive spatial map of its environment.

• Chapter 3 presents SplArt, a method for jointly reconstructing artic-
ulated objects and estimating their kinematic properties from tempo-
rally sparse observations. We demonstrate how, by observing an object
in just two states, our method can infer its articulation model, enabling
both photorealistic rendering and a functional understanding necessary
for robotic manipulation.

• Chapter 4 bridges scene understanding with robotic intelligence by
leveraging Large Language Models. We present two systems: Tran-
scrib3D, which grounds complex referring expressions by reasoning over
a textual description of the 3D scene, and Statler, which uses an LLM
to maintain and reason over the world state for long-horizon tasks.

Finally, Chapter 5 concludes the thesis by summarizing the key con-
tributions and discussing their broader implications. We will also outline
promising directions for future research, exploring how these foundational
components can be extended to create even more capable, collaborative, and
intelligent robotic systems that can seamlessly operate in and alongside hu-
man society. In essence, this thesis presents a unified pipeline that advances
robotic perception and reasoning from the ground up, paving the way for the
next generation of embodied AI.



Chapter 2

Spatially-Scalable Scene
Reconstruction with NeRFuser

2.1 Introduction
A robot’s ability to perform meaningful tasks in the physical world is pred-
icated on its capacity to build and maintain an accurate internal model of
its environment. This world model is the foundation that all subsequent
reasoning, planning, and interaction depend on. Without a detailed spatial
understanding, a robot is effectively blind, severely limiting its ability to
plan deliberate action. Therefore, the first and most critical step toward en-
abling sophisticated embodied intelligence is to solve the problem of scalable,
high-fidelity 3D scene reconstruction.

Recent years have seen a paradigm shift in view synthesis and scene rep-
resentation with the advent of Neural Radiance Fields (NeRFs) [30]. By
encoding a scene’s geometry and appearance within the weights of a neu-
ral network, NeRFs can render photorealistic novel views from a sparse set
of input images, capturing complex light and view-dependent effects with
remarkable fidelity. This powerful, continuous, and memory-efficient rep-
resentation holds immense promise for robotics, offering a significant leap
beyond traditional discrete representations like point-clouds or meshes.

However, the very architecture that gives NeRF its expressive power also
imposes a fundamental limitation: scalability. A single neural network
has a finite model capacity, making it inherently ill-suited for representing
large, complex, or spatially-extended environments. While a single NeRF
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CHAPTER 2. SCALABLE SCENE RECONSTRUCTION 6

Figure 2.1: Given two independently constructed NeRFs, NeRF A and NeRF
B, our method, NeRFuser, synthesizes images from novel viewpoints. It
excels in views with sparse coverage from either input, producing results
(lower right) that are qualitatively superior to the original NeRFs (A, B)
and other baselines.

can faithfully reconstruct a tabletop object or a small room, its performance
degrades significantly when tasked with modeling an entire building floor, a
city block, or an expansive outdoor area. This scalability challenge presents
a major roadblock to deploying NeRF-based representations on robots that
must operate in and navigate through large, real-world spaces. While some
approaches have sought to partition scenes into manageable chunks [77], they
often rely on having a complete, globally consistent set of training data avail-
able from the outset.

This chapter introduces NeRFuser,1 a novel framework designed to di-
rectly address this challenge by enabling the construction of large-scale scene
representations from multiple, independently created NeRFs [137] (see Fig-
ure 2.1). The core premise of our approach is to treat individual, pre-trained
NeRFs as modular building blocks, or “sub-maps,” which can be seamlessly
stitched together to form a cohesive and expansive scene representation. Cru-
cially, NeRFuser operates under a practical and challenging constraint that
mirrors real-world multi-agent or decentralized mapping scenarios: we as-
sume access only to the trained NeRF models themselves, without any of the
original training images or their associated camera poses.

1Code is publicly available at https://github.com/ripl/nerfuser.

https://github.com/ripl/nerfuser
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To achieve this, NeRFuser introduces a two-stage pipeline. First, we
propose a novel registration from re-rendering technique that leverages the
view-synthesis capability of the NeRFs themselves to generate new images
that can be used to solve for the relative transformations (including scale)
between them. This allows us to align disparate NeRFs into a common
coordinate frame without needing their original training data. Second, once
aligned, we employ a fine-grained, sample-based blending method that intelli-
gently merges information from multiple NeRFs at the volumetric ray-sample
level, producing renderings that are not only seamless but often superior in
quality to those from any single source NeRF.

By composing scenes in this manner, NeRFuser provides the essential first
component of our thesis: a practical and effective method for building the
scalable, high-fidelity 3D scene representation required for a robot to possess
true spatial awareness. This layer of scene understanding is the foundation on
which the capabilities developed in subsequent chapters—understanding dy-
namic objects and performing high-level embodied reasoning—will be built.

2.2 Related Work
The core contribution of NeRFuser—scalable scene reconstruction by com-
posing multiple neural radiance fields—is situated at the intersection of sev-
eral active research areas. This section reviews the foundational work on
Neural Radiance Fields (NeRFs), examines the specific challenges and prior
approaches to scalability, and discusses the related problems of NeRF regis-
tration and blending.

2.2.1 Neural Radiance Fields and Scalability
A Neural Radiance Field (NeRF) [30] is an implicit neural representation
that encodes a 3D scene’s geometry and appearance into the weights of a
multilayer perceptron (MLP). By querying the network with 3D coordinates
and a viewing direction, it outputs a volumetric density and an emitted radi-
ance. These values can then be integrated along camera rays using volumetric
rendering techniques to synthesize photorealistic novel views. The remark-
able quality of NeRF has inspired a torrent of subsequent research aimed at
improving its fidelity, training speed, and efficiency [33, 53, 59, 72, 76, 119].

Despite these advancements, a fundamental limitation of the original
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NeRF formulation is its scalability. A single MLP has a finite capacity,
which restricts its ability to represent large, complex, and spatially-extended
environments. While some methods have demonstrated success in modeling
large scenes with a single, high-capacity model, often aided by specialized
data structures or positional encodings [72, 86], this approach can be com-
putationally demanding and still faces inherent capacity limits.

To address this, a significant line of work has explored decomposing large
scenes into smaller, more manageable parts, each represented by its own
model. This strategy has been shown to improve both reconstruction qual-
ity and computational efficiency [77]. Methods like BungeeNeRF [81] and
iMAP [45] employ progressive training schemes, while others utilize carefully
designed data structures such as grids or trees to manage the complexity [84,
165]. Several works have demonstrated that a collection of many smaller
models can outperform a single monolithic model while using a similar num-
ber of parameters [43, 77, 80]. However, these approaches typically assume
that all training images and their corresponding camera poses are available in
a globally consistent coordinate frame from the outset. Our work, NeRFuser,
provides a novel and practical alternative for handling multiple small models,
specifically targeting scenarios where such information is unavailable.

More recently, explicit representations like 3D Gaussian Splatting (3DGS)
have offered new avenues for scalability. Methods such as VastGaussian [148]
and Scaffold-GS [151] leverage the efficiency of Gaussian primitives to re-
construct massive scenes, while STORM [179] extends these capabilities to
dynamic, spatio-temporal outdoor environments. While these approaches
shift away from implicit MLPs, the core challenge of managing large-scale
data remains relevant, and the principles of modular composition explored
in NeRFuser offer valuable insights for these emerging representations.

2.2.2 NeRF Registration
To jointly utilize multiple NeRFs that have been trained independently, one
must first solve the NeRF Registration problem: determining the relative
rigid transformation (and scale) between their respective coordinate systems.
This is a non-trivial task because NeRFs are typically trained using camera
poses obtained from Structure-from-Motion (SfM) pipelines [5, 6]. These
SfM methods, which rely on matching local features [12, 15, 20, 21, 31], are
inherently scale-agnostic. Consequently, each NeRF is defined in its own
arbitrary coordinate frame with an arbitrary scale.
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NeRF registration differs from the related problem of “NeRF Inversion” [50,
106], which focuses on estimating the 6-DoF camera pose of a single image
relative to a pre-trained NeRF. This camera-to-NeRF inversion capability has
been successfully applied to robotic localization tasks [51, 111, 133]. Other
related works jointly optimize the NeRF representation along with camera
poses and intrinsics [37, 38, 48]. In contrast, NeRFuser operates on pre-
trained, fixed NeRF models and uses SfM on newly rendered images, rather
than modifying the NeRFs themselves.

The field of NeRF registration is nascent, with only a few prior works.
Most of these approaches [75, 95, 103] rely exclusively on geometric cues, such
as by extracting density fields or surfaces from the NeRFs and performing
point-cloud-style registration. This fails to leverage the rich photometric in-
formation captured by the radiance field. DReg-NeRF [88] learns to predict
3D correspondences but suffers a performance drop on out-of-distribution
scenes. Furthermore, both DReg-NeRF and nerf2nerf [95] are limited to
registering only two NeRFs at a time, require known scale, and can fail on
unbounded, large-scale scenes. Nerf2nerf also requires a reasonable initial
alignment provided by a human. LENS [71] uses a NeRF to render addi-
tional images for training a scene-specific pose regression network, but this
requires access to the original training data. NeRFuser distinguishes itself by
being able to register multiple NeRFs simultaneously, recovering scale, and
operating on large-scale scenes without human annotation or access to the
original training data.

Recent advancements have also begun to address registration for explicit
representations. For instance, GaussReg [132] introduces a fast 3D registra-
tion framework for Gaussian Splatting, utilizing a coarse-to-fine strategy that
mirrors the hierarchical approaches used in point cloud registration. While
NeRFuser targets implicit fields where explicit geometry is harder to access,
the underlying need for robust, scale-aware alignment is shared across both.

2.2.3 NeRF Blending
Once multiple NeRFs are aligned in a common coordinate frame, the next
critical challenge is to blend their predictions in order to render seamless
and high-quality novel views. This involves intelligently merging information
from overlapping NeRFs.

Prior works have explored different blending strategies. Nerflets [128] de-
composes a scene into ellipsoidal regions, but assumes all NeRFs have access
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to all training images. Blended-NeRF [96] focuses on generative applications
rather than scene reconstruction. The most relevant prior work is Block-
NeRF [77], which proposes blending NeRFs in either an image-wise or a
pixel-wise fashion. To weight the contributions of different NeRFs, Block-
NeRF considers two approaches: predicted visibility and inverse distance
weighting (IDW). The visibility-based approach requires training an auxiliary
network to predict which training cameras can see a given point, a process
that requires access to the original training poses. This is not feasible in the
NeRFuser setting. Block-NeRF ultimately adopts an IDW-based approach
for its temporal consistency. Our work builds upon this idea but proposes
a more fine-grained, sample-based blending technique that operates on the
volumetric ray samples, which is more native to NeRFs’ rendering process.

Hybrid approaches have also emerged to combine the strengths of differ-
ent representations. RadSplat [174] and NeuralGS [176] propose blending
implicit neural fields with explicit Gaussian splats, aiming to achieve both
the rendering speed of 3DGS and the compactness or regularization benefits
of NeRFs. These works highlight the growing trend towards unifying distinct
scene representations.

2.3 Methodology
The NeRFuser framework is designed to construct a cohesive, large-scale
scene representation from a collection of independently trained NeRFs. This
is achieved through a two-stage pipeline that first registers the NeRFs into a
common coordinate system and then blends their volumetric information to
synthesize novel views. This section details the core technical contributions
of each stage: our registration from re-rendering technique and our fine-
grained, sample-based blending algorithm. For the sake of clarity, we will
describe the process for a pair of NeRFs, denoted NeRF A and NeRF B,
though the methodology extends straightforwardly to multiple NeRFs.

2.3.1 Registration from NeRF Re-Rendering
The first fundamental challenge is to solve for the relative spatial transfor-
mation between the input NeRFs. Since each NeRF is trained independently,
often using poses derived from a scale-agnostic SfM pipeline, they exist in
their own local coordinate systems. Our goal is to find the full similarity
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transformation, ATB ∈ Sim(3), that aligns a 3D point pB from NeRF B’s co-
ordinate frame to its corresponding point pA in NeRF A’s frame, such that
pA = ATBpB. We achieve this without access to the original training images
or poses by leveraging the NeRFs’ own view synthesis capabilities.

Overview of the Registration Process

The core insight of our registration method is to use the NeRFs themselves
as image generators. We strategically sample a set of new camera poses
and use each NeRF to render, or “re-render,” a collection of images from
these poses. With these newly synthesized images from all source NeRFs, we
can employ an off-the-shelf, 2D feature-based Structure-from-Motion (SfM)
pipeline [12, 31]. The SfM process recovers the poses of all the re-rendered
images within a single, shared coordinate system. Since the local pose used
to render each image is known, we can then compute the transformation
from this shared SfM frame to each NeRF’s local frame, and consequently,
the relative transformation between the NeRFs themselves.

Pose Sampling Strategy for Re-Rendering

While we do not assume access to the original training poses, we rely on
the standard practice of normalizing these poses during NeRF training, as
established by popular frameworks like nerfstudio [119]. This convention
typically involves: (1) centering the poses so the origin is at their mean trans-
lation; (2) rotating the coordinate system so the average “up” direction aligns
with the positive z-axis; and (3) uniformly scaling the scene so all camera po-
sitions lie within a unit cube (i.e., [−1, 1]3). Based on these conventions, we
adopt a simple yet effective sampling strategy. We uniformly sample camera
poses on the upper hemisphere of a unit sphere centered at the origin. This
ensures that the re-rendered views are likely to capture meaningful content
within the bounds of each NeRF’s well-reconstructed area. See Figure 2.2
for a visualization of the pose sampling strategy.

Distant Accumulation for Pose Filtering

Not all sampled poses will produce high-quality renderings, especially those
near the periphery of a NeRF’s training data. While SfM is robust to some
degree of image noise, filtering out poor-quality renderings beforehand im-
proves both the speed and accuracy of the registration process.
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Figure 2.2: Distributions of training poses and sampled poses on a ScanNet
scene used for NeRF registration. Sample poses are less cluttered than train-
ing ones that come from a handheld camera trajectory, which results in a
wider baseline for easier SfM.

A common metric for NeRF ray quality is accumulated opacity, or simply
accumulation, which measures the probability that a ray terminates. Low ac-
cumulation values often indicate under-trained regions of the scene. However,
we still observe two failure modes: (1) when a ray is under-trained, its ter-
mination probability mass tends to be distributed broadly and evenly along
its length, and (2) renderings from cameras positioned inside or extremely
close to an object are often distorted and unhelpful for feature matching.

To address these issues, we introduce a novel ray quality measure called
Distant Accumulation, defined as:

qd =

∫ ∞

d

T (t)σ(t)dt, (2.1)

where T (t) is the transmittance and σ(t) is the volume density at distance
t along the ray, as defined in the original NeRF paper [30]. The parameter
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(a) RGB rendering (b) Regular accumulation (c) Distant accumulation

Figure 2.3: Comparison of NeRF rendering quality metrics. Column (a)
shows RGB renderings. Column (b) shows that regular accumulation is often
close to 1, failing to identify poor renderings. Column (c) demonstrates that
our proposed distant accumulation (d = 0.3) effectively highlights poorly
reconstructed regions as darker areas, providing a reliable filter.

d is a near-plane distance threshold. We use the mean distant accumulation
over all pixels as a holistic image quality score.

Intuitively, this measure penalizes rays in two ways: (1) If a ray is under-
trained and its termination probability is spread out, the integral from d to
infinity will be substantially less than 1. (2) If the camera is too close to a
surface, most rays will terminate at a distance less than d, resulting in a very
low qd. As illustrated in Figure 2.3, distant accumulation provides a much
clearer signal for discriminating poor-quality renderings compared to regular
accumulation. We use this metric to filter out unsuitable re-rendered images
before feeding them into the SfM pipeline.
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Derivation of the Sim(3) Transformation

Procedure and Notation. Let AGAi
∈ SE(3) denote the sampling pose

used to render image IAi
from NeRF A—i.e., the pose matrix that trans-

forms a point from camera Ai’s frame to NeRF A’s frame. Sampled poses
and images for NeRF B are defined analogously: BGBi

and IBi
. Feeding the

combined image set {IAi
}i ∪ {IBi

}i to SfM returns recovered poses {CGAi
}i

and {CGBi
}i in a shared coordinate frame C, where CGAi

∈ SE(3) transforms
a point from camera Ai’s frame to frame C. Because SfM is scale-agnostic,
these SE(3) poses are expressed in frame C’s arbitrary unit of length, moti-
vating the scale-recovery step below.

Recovering the Scale. Let CSA = diag(CsA,
CsA,

CsA, 1) be the diagonal
matrix representing the scale transformation from NeRF A’s frame to the
common frame C. The scalar CsA is the scale factor we aim to recover. Con-
sider the relative pose jGi ∈ SE(3) between two cameras, Ai and Aj. This
relative pose can be computed in the common frame C or derived from the
original poses in NeRF A’s frame, related by the scale factor:

jGi = (CGAj
)
−1CGAi

(using frame C as bridge)

= CSA(
AGAj

)
−1AGAi

(CSA)
−1 (using frame A as bridge)

(2.2)

By decomposing the pose matrices into rotation and translation components,
e.g., CGAi

=
[

CRAi
CtAi

0 1

]
, Equation (2.2) can be expanded to:[

(CRAj
)
>CRAi

(CRAj
)
>
(CtAi

− CtAj
)

0 1

]
=

[
(ARAj

)
>ARAi

CsA(
ARAj

)
>
(AtAi

− AtAj
)

0 1

]
(2.3)

The rotation components on both sides are equal, as expected. By equating
the L2 norm of the translation vectors from both sides of Equation (2.3), we
can solve for the unknown scale factor CsA:

CsA =
‖CtAi

− CtAj
‖
2

‖AtAi
− AtAj

‖
2

(2.4)

In practice, to obtain a robust estimate, we compute this ratio for all available
pairs of indices (i, j) and take the median value. The scale factor CsB for
NeRF B is recovered in an identical manner.
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Recovering the Full Transformation. Once the scale factors are known,
we can determine the full similarity transformation CTA ∈ Sim(3) from NeRF
A’s frame to the common frame C. Using any camera Ai as a bridge, the
transformation is given by:

CTA = CGAi

CSA(
AGAi

)
−1 (2.5)

To ensure robustness, we compute CTA for all available camera indices i and
select the valid Sim(3) transformation that is closest to the median value.
After similarly recovering CTB, the final Sim(3) transformation from NeRF
B to NeRF A is computed as ATB = (CTA)

−1CTB.

2.3.2 Sample-Based NeRF Blending
Once the NeRFs are aligned in a common coordinate frame, the final step
is to blend their predictions to synthesize high-quality, seamless novel views.
This process involves answering two key questions:

(i) What to blend? At what level of granularity should the information
from multiple NeRFs be combined?

(ii) How to blend? How should the contribution, or weight, of each NeRF
be determined at that level?

Prior work, such as Block-NeRF [77], explored blending at the image level
(IDW-2D) or pixel level (IDW-3D), using inverse distance weighting (IDW)
based on the distance from the camera or expected depth to the center of
each NeRF. However, these approaches do not fully leverage the volumetric
nature of NeRF rendering.

Recognizing that NeRF rendering is fundamentally a process of integrat-
ing information from samples along a ray, we propose a more fine-grained
approach: sample-based inverse distance weighting (IDW-Sample).
Instead of computing blending weights per-image or per-pixel, we compute
them for each individual volumetric sample along a ray. This allows for a
smoother, more physically-grounded fusion of information, which is particu-
larly effective in regions of overlap where one NeRF may be more confident
or accurate than another. Figure 2.4 illustrates the conceptual difference
between these blending strategies.
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Figure 2.4: A conceptual illustration of different IDW-based blending meth-
ods. IDW-2D computes a single weight per NeRF based on camera distance.
IDW-3D computes weights per-pixel based on the expected depth point.
Our proposed IDW-Sample computes a unique weight for each volumetric
sample along the ray, enabling a more fine-grained and accurate blend.

Proximity Test

To maintain computational efficiency, we first perform a proximity test to
determine which NeRFs are relevant for rendering a given pose. With all
NeRFs registered in a common frame, we calculate the distance from the
camera’s optical center to the origin of each NeRF. We then filter out NeRFs
that are significantly farther away than the closest one, based on a distance
ratio threshold τ . This ensures that only the most relevant NeRFs contribute
to the rendering of any given view.

Merging Ray Samples

Each NeRF may use a different sampling strategy along a ray, often adap-
tively placing samples in regions of high density. To combine their predic-
tions, we must first merge their distinct sets of ray samples into a single,
unified set. Given the samples {(tAk , δA

k )}k from NeRF A and {(tBk , δB
k )}k

from NeRF B, where t is the distance along the ray and δ is the interval
length, we create a new, sorted set of intervals {(t̄k, δ̄k)}k that covers all orig-
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Figure 2.5: Illustration of the ray sample merging process. The distinct,
irregular samples proposed by NeRF A (top) and NeRF B (middle) are com-
bined into a single, unified set of sorted sample intervals (bottom).

inal samples, as shown in Figure 2.5. For each new interval in the merged
set, we then compute the corresponding color and termination probability
from each source NeRF.

The Blending Process

With the merged set of ray samples, we compute the final pixel color by
performing a weighted sum of the contributions from each NeRF at each
sample point. For a given ray r originating at o with direction d, and
a merged sample k at distance t̄k, the blending weight wi,k for NeRFi is
computed using IDW:

wi,k ∝ d−γ
i,k , where di,k = ‖xi − (o+ t̄kd)‖2. (2.6)

Here, xi is the origin of NeRFi, and γ is a hyperparameter that controls the
sharpness of the blend.

Let p̄i,k and c̄i,k be the termination probability and color for sample k
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NeRF A Ground Truth IDW-2D

NeRF B IDW-Sample IDW-3D

Figure 2.6: Qualitative comparison of NeRF blending methods. While indi-
vidual NeRFs and baseline blending methods (IDW-2D, IDW-3D) struggle
to reconstruct both chairs clearly, our proposed IDW-Sample method pro-
duces a sharp, high-quality rendering that successfully integrates the best
information from both sources.

from NeRFi. The final color for pixel j, I(j), is then rendered as:

I(j) =
∑
k

∑
i

wi,kp̄i,kc̄i,k. (2.7)

The weights wi,k are normalized in a two-step process: first, they are nor-
malized across NeRFs for each sample (

∑
iwi,k = 1,∀k), and then the en-

tire volumetric sum is normalized to ensure the final pixel color is valid
(
∑

k

∑
i wi,kp̄i,k = 1). This ensures that our blending respects the relative

opacity contributions of samples along the ray while properly combining the
photometric information from multiple sources. The result, as shown qualita-
tively in Figure 2.6, is a seamlessly blended image that often exhibits higher
quality than any of the individual source NeRFs and other baselines.

2.4 Experiments
To validate the effectiveness of the NeRFuser framework, we conducted a
comprehensive set of experiments, evaluating both the registration and blend-
ing components of our pipeline. This section details our experimental setup,
the datasets used, and the quantitative and qualitative results of our evalua-
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tions. While our framework is agnostic to the underlying NeRF implementa-
tion, all experiments utilize NeRFacto [119] as the base model, with default
training hyperparameters. To ensure a fair evaluation of the registration
performance, we disabled camera optimization during NeRF training.

2.4.1 Datasets
We evaluated our method on three distinct datasets, covering environments
from small, object-centric indoor scenes to large-scale outdoor street views.

Object-Centric Indoor Scenes

To test our framework in controlled, real-world indoor environments, we col-
lected a new dataset consisting of three scenes.2 For each scene, we captured
three video sequences using a handheld camera. Two sequences focus on two
different, yet overlapping, objects of interest, which were used to train the
individual NeRFs (NeRF A and NeRF B). A third, wider sequence captur-
ing the entire scene was reserved for the test set. This dataset allows us to
rigorously evaluate both the registration accuracy and the blending quality.

ScanNet Dataset

To assess the robustness and scalability of our registration method on a larger
scale, we utilized the ScanNet dataset [8]. We selected the first 218 scenes
and downsampled the frames to approximately 200 posed RGB-D images
per scene. For each scene, these images were partitioned into three sets: two
for training a pair of NeRFs and a third for testing. This large-scale bench-
mark enables a thorough comparison of our registration-from-re-rendering
technique against traditional point-cloud-based registration baselines.

Mission Bay Dataset

To specifically evaluate the performance of our blending algorithm in a chal-
lenging outdoor environment, we used the Mission Bay dataset, originally
introduced for Block-NeRF [77]. This dataset features an expansive street

2The dataset is publicly available at https://huggingface.co/datasets/RIPL/
TTIC-common/tree/main.

https://huggingface.co/datasets/RIPL/TTIC-common/tree/main
https://huggingface.co/datasets/RIPL/TTIC-common/tree/main
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Blending
Ground-truth ATB Estimated AT̂B

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

NeRF 20.92 0.716 0.369 20.90 0.714 0.370
Nearest (Block-NeRF) 23.81 0.779 0.283 23.68 0.774 0.287
IDW-2D (Block-NeRF) 24.70 0.795 0.267 24.64 0.792 0.267
IDW-3D (Block-NeRF) 23.48 0.776 0.279 23.45 0.772 0.280
IDW-Sample (Ours) 24.91 0.813 0.228 24.83 0.810 0.229

Table 2.1: Blending results on Object-Centric Indoor Scenes. IDW-Sample
works the best for all metrics with both ground-truth and estimated trans-
formations. Results with estimated AT̂B are only marginally worse than
those with ground-truth ATB, which demonstrates that our proposed NeRF
registration is accurate enough for the downstream blending task.

scene and provides an ideal testbed for comparing our sample-based blend-
ing strategy against other state-of-the-art methods under conditions where
ground-truth transformations between NeRFs are known.

2.4.2 Evaluation of NeRF Registration and Blending
We first present a holistic evaluation of the entire NeRFuser pipeline on our
custom Object-Centric Indoor Scenes dataset. This experiment assesses the
combined performance of our registration and blending techniques.

For the registration stage, we re-rendered 32 images for each NeRF from
poses sampled on the upper hemisphere of a unit sphere (with elevation angles
from 0◦ to 30◦). For the blending stage, we set the proximity test ratio to τ =
1.8 and the blending rate to γ = 5. Table 2.1 reports the quantitative results,
averaged over all test images from the three scenes. The results demonstrate
that our full pipeline (NeRFuser) consistently outperforms individual NeRFs
and baseline blending methods across all metrics.

2.4.3 Quantitative Analysis of Registration
To isolate and rigorously evaluate the performance of our registration-from-
re-rendering method, we conducted experiments on the ScanNet dataset. We
followed the same registration procedure as before, but increased the number
of re-rendered poses to 60 to handle the larger scene complexity.



CHAPTER 2. SCALABLE SCENE RECONSTRUCTION 21

Registration Point-cloud errr (◦) errt errs Success

ICP [1] NeRF-extracted 3.027 0.1151 N/A 0.13
FGR [7] NeRF-extracted 4.549 0.1844 N/A 0.04
FPFH [3] NeRF-extracted 2.805 0.0381 N/A 0.17
ICP [1] RGB-D-fused 1.598 0.0816 N/A 0.17
FGR [7] RGB-D-fused 1.330 0.0372 N/A 0.71
FPFH [3] RGB-D-fused 0.049 0.0205 N/A 0.79
NeRFuser N/A 0.588 0.0315 0.0211 0.84

Table 2.2: ScanNet registration results. We compare against point-cloud
registration methods on both NeRF-extracted and ground-truth RGB-D-
fused point-clouds. Because NeRF reconstructions contain noisy geometry,
registration on NeRF-extracted point-clouds underperforms. On RGB-D-
fused point-clouds, NeRFuser matches baseline performance in errr and errt
while achieving the highest success rate. Unlike point-cloud baselines, our
method also recovers relative scale. Best and second-best results are shown
in bold and italics, respectively.

We compare our method against several point-cloud registration (PCR)
baselines. These baselines were applied to point-clouds extracted directly
from the trained NeRFs, as well as higher-quality point-clouds fused from the
ground-truth posed RGB-D images. For evaluating registration accuracy, we
measure the rotational error (errr), translational error (errt), and scale error,
where scale error is defined as errs = |log∆s|, with ∆s being the ratio of the
ground-truth scale to the estimated scale.

A registration trial was considered a failure if it produced NaN values or if
the errors exceeded predefined thresholds: errr > 5◦, errt > 0.2, or errs > 0.1.
Table 2.2 presents the results, averaged over all successfully registered scenes,
alongside the overall success rate. Our method achieves a significantly higher
success rate and lower error compared to the PCR baselines, highlighting the
robustness of leveraging synthesized images for alignment.

2.4.4 Quantitative Analysis of Blending
To specifically assess the quality of our proposed sample-based blending
(IDW-Sample), we conducted experiments on the Mission Bay dataset, as-
suming ground-truth transformations were provided. This allows us to de-
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Blending PSNR ↑ SSIM ↑ LPIPS ↓

NeRF 17.306 0.571 0.502
Nearest 19.070 0.657 0.398
IDW-2D 19.692 0.659 0.413
IDW-3D 18.806 0.636 0.433
IDW-Sample 19.986 0.678 0.388

Table 2.3: Blending results on Mission Bay dataset.

Ground truth NeRF A NeRF B

IDW-Sample IDW-2D IDW-3D

Figure 2.7: Qualitative comparison of NeRF blending methods on the Mission
Bay dataset. Per-pixel errors are visualized as heat maps. Individual NeRF
renderings exhibit large artifacts on either side of the view, which are best
resolved by our proposed IDW-Sample blending technique.

couple the evaluation from any potential registration errors. For these ex-
periments, we set the proximity test ratio to τ = 1.2 and the blending rate
to γ = 10.

Table 2.3 reports the quantitative rendering metrics, averaged over all
test images. Our IDW-Sample method achieves the best performance across
all metrics, indicating its superior ability to fuse information from multiple
NeRFs. Figure 2.7 provides a qualitative comparison, visualizing the per-
pixel error as a heat map. The visualization clearly shows that individual
NeRFs contain significant artifacts, which are most effectively resolved by our
IDW-Sample approach, resulting in a more complete and coherent rendering.
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Figure 2.8: NeRF registration error and time consumption for different
accumulation-based pose filtering thresholds with distant accumulation qd
(d = 0.3) and regular accumulation (d = 0.0).

2.4.5 Ablation Studies
We conducted several ablation studies to analyze the impact of key design
choices and hyperparameters within the NeRFuser framework.

Impact of Distant Accumulation for Pose Filtering. We investigated
the effectiveness of our proposed distant accumulation metric for filtering
poor-quality re-rendered images prior to registration. Figure 2.8 shows the
registration error and processing time for different filtering thresholds using
both distant accumulation (d = 0.3) and regular accumulation (d = 0.0).
The results show that our distant accumulation metric effectively filters out
poor-quality images, leading to a significant reduction in registration time
while maintaining comparable accuracy.
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Figure 2.9: The effect of re-rendering poses on NeRF registration. The results
show that increasing the number of sampled poses improves accuracy and
success rate.

Impact of Re-rendering Poses for Registration. We studied how the
number and type of poses used for re-rendering affect registration perfor-
mance on the ScanNet dataset. We define ρ as the ratio of the number of
sampled poses to the number of original training views and vary it geomet-
rically. As shown in Figure 2.9, with more sampled poses, the registration
errors go down while the success rate improves (green curve). Using addi-
tional hemispheric poses besides the training ones also proves helpful (orange
line vs. blue line). More interestingly, with a large enough ratio ρ, regis-
tration with hemispherically sampled poses outperforms using the training
poses, even when using the same number or fewer poses in total. This shows
that it is beneficial to have a larger spatial span of re-rendering poses for
registration, as illustrated in Figure 2.2.
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Figure 2.10: The effect of the blending rate γ on the performance of differ-
ent IDW-based blending methods. Our IDW-Sample approach consistently
achieves the highest PSNR across a wide range of γ values.

Impact of Blending Rate γ. Finally, we analyzed the effect of the blend-
ing rate hyperparameter, γ, on the performance of IDW-based blending
methods. Using our Object-Centric Indoor Scenes dataset with ground-truth
transformations, we varied γ across several orders of magnitude. Figure 2.10
plots the rendering quality (PSNR) for each blending method. The results
show that for all IDW-based methods, there is an optimal range for γ. As
γ → 0, all methods converge to a simple average, while as γ → ∞, they
approach a nearest-neighbor selection. Critically, our proposed IDW-Sample
method consistently outperforms the other baselines across nearly the entire
range of γ values.

Impact of Query Pose on Blending Performance. To provide a more
intuitive, geometric understanding of where our sample-based blending of-
fers the most significant advantages, we conducted a qualitative ablation
study on the effect of the query pose. Figure 2.11 visualizes the performance
improvement of our IDW-Sample method over a Nearest baseline across a
range of different camera viewpoints relative to the centers of the two source
NeRFs. The results indicate that the greatest benefits are realized from poses
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Figure 2.11: A visualization of the relative performance of IDW-Sample to
the Nearest baseline. The axes represent the coordinate frames of two input
NeRFs, and the green frusta denote test camera poses. The darker the frus-
tum, the greater the performance gain of IDW-Sample. The best-performing
poses are those that evenly observe the scene content from both NeRFs.

that are positioned to observe both NeRFs’ high-confidence regions evenly,
particularly in the overlapping volume between them.

2.5 Implications for 3D Gaussian Splatting
More recently, 3D Gaussian Splatting (3DGS) [104] has emerged as a power-
ful explicit representation for 3D scenes, employing a collection of 3D Gaus-
sian primitives to model geometry and appearance. While 3DGS offers signif-
icant advantages in rendering speed compared to NeRF—achieving real-time
frame rates through rasterization rather than volumetric ray marching—the
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fundamental challenges of representing large-scale environments remain. The
problems of registering and blending multiple independently captured 3DGS
models are directly analogous to the problems we address for NeRFs. Below
we discuss how the two core components of NeRFuser could be adapted to
the 3DGS setting, and where the explicit nature of Gaussians creates both
opportunities and new challenges.

Registration. Our registration from re-rendering technique is largely repre-
sentation-agnostic: its only requirement is the ability to synthesize images
from novel viewpoints. Since 3DGS models are equally capable of render-
ing images, the same pipeline—sample poses on the upper hemisphere, ren-
der images from each model, run SfM on the combined image set—transfers
with minimal modification. The distant accumulation metric (see Figure 2.3)
would require adaptation, since 3DGS renders via alpha-compositing sorted
Gaussians rather than integrating continuous density along a ray. However,
a direct discrete analog exists: in 3DGS, one can alpha-composite all Gaus-
sians in the standard depth-sorted order—so that near Gaussians properly
attenuate those behind them—but sum the resulting rendering weights only
for Gaussians whose depth exceeds the threshold d. This preserves exactly
the same two failure-mode sensitivities: under-trained regions where opacity
is spread thinly, and too-close cameras where all significant Gaussians lie
closer than d.

That said, the explicit nature of 3DGS also opens a complementary reg-
istration pathway: the Gaussian centers themselves form a dense, colored
point cloud that can be fed directly into traditional point cloud registration
methods [1, 3, 7]. In fact, GaussReg [132] pursues exactly this strategy.
However, as our ScanNet experiments suggest (Table 2.2), purely geometric
registration can be brittle in the presence of noise or incomplete coverage.
A hybrid strategy that first uses the explicit point cloud for a coarse initial
alignment and then refines with an SfM-based pass on re-rendered images—
combining the speed of explicit geometry with the robustness of photometric
matching—would be a promising direction to explore.

Blending. Adapting the blending component is less straightforward. Our
sample-based blending algorithm operates on volumetric ray samples: for
each sample point along a ray, we compute an IDW weight and merge the
density and color contributions from multiple NeRFs. This is natural for
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NeRFs because rendering is ray marching. 3DGS, by contrast, renders via
tile-based rasterization: Gaussians are projected to 2D, sorted by depth, and
alpha-composited front-to-back, with no explicit set of ray samples to merge.

The most natural adaptation is primitive-level fusion: after registration,
one simply collects the Gaussian primitives from all source models into a
single scene, modulating each Gaussian’s opacity by an IDW factor based on
the distance from its center to its source model’s origin—analogous to our
per-sample weighting. This stays fully within the rasterization pipeline and
preserves real-time rendering. More broadly, because Gaussians are discrete
entities with well-defined spatial positions, weighting and merging them is
a straightforward geometric operation, whereas NeRFs require the more in-
volved volumetric sample merging that NeRFuser introduces. In this sense,
the explicit nature of 3DGS actually simplifies the blending problem rela-
tive to NeRFs, even as it complicates the direct application of our specific
ray-sample-level algorithm.

2.6 Relation to Subsequent Work
Since NeRFuser was first released, the dominant trend in large-scale 3D
scene representation has shifted decisively toward explicit Gaussian meth-
ods. VastGaussian [148], Scaffold-GS [151], CityGaussian [150], and the hi-
erarchical 3D Gaussian representation of Kerbl et al. [145] scale explicit prim-
itives to city-block and larger scenes while retaining real-time rendering, and
STORM [179] extends similar ideas to dynamic outdoor environments. The
natural question this raises for NeRFuser—how its registration and blending
algorithms would port to a 3DGS substrate—is the subject of Section 2.5.

On the narrower problem of registering and composing independently-
trained scene representations, subsequent work has moved in two comple-
mentary directions. GaussReg [132] is the closest direct descendant on the
explicit side, exploiting the Gaussian point cloud for a fast coarse-to-fine
registration, and complements rather than replaces NeRFuser’s re-rendering-
based approach (see Section 2.5 for a hybrid proposal). Adjacent hybrid
and fused representations—NICER-SLAM [165], RadSplat [174], and Neu-
ralGS [176]—sidestep the multi-model composition problem by fusing im-
plicit and explicit fields into a single representation or by folding the scene
into a unified SLAM-style pipeline.

For single-session, centrally-trained large-scale reconstruction, modern
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3DGS methods now deliver better speed/quality tradeoffs than a NeRF com-
position would. NeRFuser’s continuing value lies in a more specific regime:
first, the methodology of registration from re-rendering, which remains the
right primitive whenever one has access only to pre-trained scene represen-
tations and not to their training images or poses; and second, the conceptual
stance that scene representations should be treated as modularly compos-
able objects—a property that matters most for decentralized, multi-agent,
and lifelong mapping scenarios, and one that unified SLAM-style pipelines
do not set out to provide.

2.7 Conclusion
This chapter introduced NeRFuser, a framework that directly confronts the
critical challenge of spatial scalability in 3D scene reconstruction for robotic
agents. We have demonstrated that by treating individual, pre-trained Neu-
ral Radiance Fields as modular building blocks, it is possible to construct
a cohesive, high-fidelity representation of a large-scale environment. This is
achieved without the need for the original training images or camera poses, a
practical constraint that mirrors real-world, decentralized mapping scenarios
where data may be captured by multiple agents or at different times.

The core contributions of this work are twofold. First, we proposed a
novel registration from re-rendering technique, which leverages the view syn-
thesis capability of NeRFs themselves to robustly solve for the full Sim(3)
transformation between them. Complemented by our distant accumulation
metric for filtering poor-quality renderings, this method provides a robust al-
ternative to traditional registration techniques that rely on explicit geometric
extraction. Second, we introduced a fine-grained, sample-based blending algo-
rithm that intelligently merges volumetric information from multiple NeRFs
at the ray-sample level. Our experiments have shown that this approach
produces seamless, high-quality renderings that often surpass the quality of
any single source NeRF, particularly in regions of overlap or sparse coverage.

By successfully registering and blending disparate NeRFs, NeRFuser pro-
vides the foundational component of this thesis: a practical and effective
method for building the scalable 3D scene representation required for a robot
to possess true spatial awareness. This static, comprehensive environmental
map is an essential prerequisite for a robot’s broader understanding. How-
ever, a static representation is insufficient for meaningful interaction. A robot
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must also comprehend the dynamic nature of its surroundings, particularly
how objects can move and be manipulated.

The next chapter will build directly upon this foundation of scalable
scene representation. We will shift our focus from the static geometry of the
environment to the dynamic properties of the objects within it. Specifically,
we will introduce SplArt, a method for reconstructing articulated objects
and inferring their kinematic properties from sparse temporal observations.
Having established how to build a large-scale map of the world, we will now
explore how to understand the functional, movable objects that populate it,
bringing us one step closer to enabling sophisticated robotic manipulation.



Chapter 3

Temporally-Aware Scene
Understanding with SplArt

3.1 Introduction
In the preceding chapter, we addressed the fundamental challenge of spatial
scalability in 3D scene reconstruction. We introduced NeRFuser, a framework
for building comprehensive, high-fidelity models of large-scale, static envi-
ronments by registering and blending multiple Neural Radiance Fields. This
capability provides a robot with a crucial, detailed map of its surroundings—
the foundation for spatial awareness. However, a purely static representation
of the world is inherently incomplete. For a robot to transition from a passive
observer to an active participant in its environment, it must understand not
only what objects are and where they are, but also how they can move and
be manipulated through purposeful interaction.

The majority of objects central to human activity are not rigid; they are
articulated. Doors swing on hinges, drawers slide in and out, laptops fold,
and scissors pivot. The ability to perceive and model this articulation is a
cornerstone of embodied intelligence, as it unlocks the potential for meaning-
ful physical interaction. Without an understanding of an object’s kinematics,
a robot cannot reason about its functionality or plan effective manipulation
strategies. For instance, to open a cabinet, a robot must recognize that the
door is a distinct, movable part and infer the rotational motion it affords.
This leap from static geometry to dynamic potential is the next critical step
in building an actionable world model for robotics.

31
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Figure 3.1: Given (top) RGB images of an object at two articulation states,
(middle) SplArt uses 3DGS to simultaneously reconstruct its static and
dynamic parts and estimate the kinematic articulation model. SplArt is
then able to (bottom) render high-fidelity 3D reconstructions of the object
along with part-level segmentations for novel articulation states, allowing for
novel view synthesis.



CHAPTER 3. UNDERSTANDING ARTICULATED OBJECTS 33

This chapter introduces SplArt,1 a novel framework that directly con-
fronts this challenge by reconstructing articulated objects and inferring their
kinematic properties from sparse temporal data [171] (see Figure 3.1). Tra-
ditional approaches to this problem often suffer from significant limitations:
they may require extensive 3D supervision, costly manual annotations [28,
40, 66], or category-specific prior knowledge [22], hindering their scalability
and practical deployment. Furthermore, many existing methods do not sup-
port the real-time, photorealistic rendering necessary for dynamic simulation
and closed-loop control.

SplArt overcomes these hurdles by adopting a self-supervised, category-
agnostic approach. We demonstrate that by observing an articulated object
in just two distinct end states—for example, a cabinet door open and closed—
our method can robustly solve for its underlying articulation model. Central
to our approach is the use of 3D Gaussian Splatting (3DGS) [104], an explicit
scene representation that enables both high-fidelity reconstruction and real-
time rendering (> 100 FPS). We augment the standard 3DGS framework by
associating each Gaussian primitive with a differentiable mobility parameter,
which allows us to effectively segment the object into its static and mobile
parts through optimization.

To ensure robust convergence, SplArt employs a multi-stage optimiza-
tion strategy that decouples the complex problem into three manageable
steps: initial per-state reconstruction, mobility estimation for part segmenta-
tion, and finally, joint refinement of the articulation parameters. This struc-
tured process, guided by geometric self-supervision losses, allows SplArt
to accurately estimate the articulation model (be it revolute or prismatic)
without requiring any 3D ground truth or category-specific templates.

By enabling the reconstruction of dynamic, articulated objects, SplArt
provides the second major component of this thesis. Building upon the
spatially-scalable scene representation from NeRFuser, we now enrich this
model with a temporal and functional understanding of the objects within
it. Having established how to build a large-scale map and how to understand
the movable objects it contains, we will have laid the necessary perceptual
groundwork to, in the final chapter, empower a robotic agent with the high-
level reasoning needed to understand human language and perform complex,
multi-step tasks.

1Code is publicly available at https://github.com/ripl/splart.

https://github.com/ripl/splart
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3.2 Related Work
The core challenge addressed in this chapter—reconstructing articulated ob-
jects from temporally-sparse visual data—builds upon decades of research in
3D computer vision, robotics, and machine learning. Our work is positioned
at the intersection of three key areas: methods for learning object articula-
tion from 3D data, the evolution of 3D representations for reconstruction,
and the recent emergence of self-supervised techniques that leverage differ-
entiable rendering.

3.2.1 Data-Driven Articulation Learning
Estimating the kinematic properties of articulated objects is a long-standing
problem, essential for robotic interaction and manipulation [69, 93, 94, 143].
Early approaches often relied on predefined models or significant human in-
tervention. More recently, the field has shifted toward data-driven methods
that learn articulation properties directly from sensor data, most commonly
3D point-clouds.

A significant body of work has focused on training deep neural networks
end-to-end to infer articulation parameters. For instance, Shape2Motion [22]
analyzes motion parts from a single point-cloud, while other methods perform
category-level pose estimation at the cost of requiring class-specific mod-
els [10, 13, 28]. To improve generalization across object types, methods like
RPM-Net [23] and OPD [65] were developed to predict part segmentation and
kinematics without being tied to a specific category. Similarly, DITTO [66]
learns to predict motion and geometry from pairs of 3D point-clouds with-
out explicit labels. Other works have explored inferring articulation from
different modalities or for specific downstream tasks [35, 98, 109].

A common thread among these powerful learning-based methods is their
significant reliance on large quantities of labeled training data, often in the
form of 3D ground truth with part-level segmentations and kinematic anno-
tations [28, 66]. This requirement for costly 3D supervision fundamentally
limits their scalability and practicality in real-world robotic scenarios where
such annotations are unavailable. In contrast, our work, SplArt, aims to
reconstruct both the detailed geometry and appearance while inferring ar-
ticulation in a self-supervised manner, obviating the need for 3D supervision
or category-specific priors.
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3.2.2 Representations for 3D Object Reconstruction
The choice of 3D representation is fundamental to any reconstruction task.
Early methods in 3D reconstruction often predicted explicit representations
such as point-clouds [9, 62], voxels [4], or meshes. While direct and in-
terpretable, these representations can be memory-intensive or struggle to
capture fine geometric detail and photorealistic appearance.

The advent of implicit neural representations marked a significant paradigm
shift. Methods like DeepSDF [18] and Occupancy Networks [16] learn to
represent geometry as a continuous function, enabling the reconstruction of
detailed and watertight surfaces [63, 163]. Building on this, Neural Radiance
Fields (NeRFs) [39], as discussed in the previous chapter, extended this con-
cept to model both geometry and appearance, enabling photorealistic view
synthesis through differentiable volumetric rendering. Several surface-based
rendering techniques have also leveraged this capability [42, 46, 47].

However, the computational cost of NeRF’s volumetric rendering process
makes it too slow for many real-time robotics applications. More recently,
3D Gaussian Splatting (3DGS) [104] has emerged as a powerful alternative,
representing scenes with an explicit collection of 3D Gaussian primitives.
This formulation, combined with a differentiable rasterization pipeline, allows
for both high-fidelity reconstruction and rendering at real-time rates (> 100
FPS), a crucial advantage for dynamic simulation and visual feedback in
robotics. Other recent works, such as SUGAR [141], have also explored
hybrid representations to achieve similar goals.

Beyond rendering speed, the explicit, primitive-based nature of 3DGS
offers a methodological advantage that is particularly relevant for articu-
lated object reconstruction. Because each Gaussian is a discrete entity with
well-defined spatial attributes, it can be individually parameterized—for in-
stance, with a per-primitive mobility label that distinguishes static from
mobile parts—and directly subjected to geometric operations such as rigid
transformations and nearest-neighbor distance computations. These per-
primitive operations, which are central to SplArt’s optimization strategy
(Section 3.4), have no straightforward analog in NeRF’s continuous density
field, which encodes the scene monolithically in network weights rather than
as a collection of manipulable primitives. As discussed in Section 2.5, this
explicitness simplifies the manipulation and fusion of scene primitives more
broadly, further motivating the transition from the implicit representations
of the previous chapter.
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3.2.3 Articulated Object Reconstruction
The power of differentiable 3D representations has recently been harnessed
to jointly reconstruct articulated objects and infer their kinematic parame-
ters. Many of these approaches are training-based, using large synthetic 3D
datasets to train models that can predict joint parameters and segment parts
for novel objects [40, 66, 67, 74, 78, 98, 99].

To reduce the dependency on large, annotated datasets, a new class of
self-supervised methods has emerged. These approaches optimize a scene
representation on a per-instance basis, using photometric and geometric con-
sistency as supervision. PARIS [108] and Articulated-NeRF [168] use NeRF-
based representations to reconstruct objects from images captured in different
states. Other works have incorporated depth data [157], explored different
consistency losses [109], or focused on robotic interaction [146, 156]. Some
recent methods have also begun to tackle objects with more complex, multi-
part articulations, though they often require the number of parts to be known
a priori and assume a simple kinematic chain [157, 168, 172]. Concurrently,
some works are exploring the use of large language or vision-language models
to bring semantic priors to the articulation estimation problem [170, 173].

The rapid adoption of 3D Gaussian Splatting has led to a surge of in-
terest in articulated 3DGS. Recent works have also pushed the boundaries
of self-supervised articulation learning with Gaussians. ArtGS [172] and
REArtGS [178] explore similar directions, often with different constraints or
supervision signals. ArticulatedGS [169], in particular, achieves robust dig-
ital twin modeling without 3D supervision. In the wild, ArtiPoint [177] ex-
tends these capabilities to dynamic videos using point tracking. Furthermore,
Articulate-Anything [170] demonstrates the potential of Vision-Language
Models to automate this process across diverse categories, highlighting the
growing intersection between 3D reconstruction and semantic understanding.

Our method, SplArt, contributes to this line of self-supervised research.
It is the first to apply the highly efficient 3DGS representation to this task
without requiring any 3D supervision or pre-trained, category-specific priors.
By introducing a novel multi-stage optimization strategy and geometric self-
supervision, it robustly handles challenging cases and achieves state-of-the-
art performance while enabling real-time rendering, making it a practical
solution for robotic applications.
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3.3 Preliminaries
3D Gaussian Splatting (3DGS) [104] is a contemporary method for recon-
structing 3D scenes from posed images. It represents the scene as a collection
of 3D Gaussian distributions in a continuous space. Each Gaussian primitive
is parameterized by its mean (position) µ ∈ R3, a rotation matrix R ∈ R3×3

(orientation), a scaling matrix S ∈ R3×3, and an opacity value σ ∈ R+. The
rotation and scaling matrices together define the covariance of the Gaussian.

The influence of a single Gaussian on any point x in 3D space is defined
by its probability density function:

g(x|µ,R,S, σ) = σ exp
(
−1

2
(x− µ)>

(
RSS>R>)−1

(x− µ)

)
. (3.1)

For rendering, these 3D Gaussians are projected into 2D camera space. The
Gaussians that intersect a given pixel’s viewing ray are then sorted by depth
and alpha-composited to produce the final pixel color. This explicit represen-
tation and efficient rasterization pipeline allow 3DGS to achieve significantly
faster rendering speeds (often over 100×) compared to implicit representa-
tions like Neural Radiance Fields (NeRFs) [39], making it highly suitable for
real-time applications. For more technical details, we refer the reader to the
original 3DGS paper [104] and the gsplat library [161].

3.4 Methodology
The core objective of SplArt is to reconstruct an articulated object at the
part level and simultaneously estimate its kinematic motion model. This is
achieved using only two sets of posed RGB images, each capturing the object
in one of its two distinct end states. We assume the articulation type—either
revolute (rotational) or prismatic (translational)—is known beforehand. Our
approach is built upon an extension of 3D Gaussian Splatting (3DGS) and
employs a carefully designed multi-stage optimization process to ensure ro-
bust and accurate convergence without requiring 3D supervision.

3.4.1 Problem Formulation
Let us consider an object composed of a static parent part and a movable
child part. The input to our system consists of two sets of observations,
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Ol = {(I il ,Pi
l,Ki

l)}
Nl
i=1, for the two end states, where l ∈ {0, 1}. Here, I il is

an RGB image, and Pi
l and Ki

l are the corresponding camera extrinsics and
intrinsics, all defined within a common world coordinate frame.

A revolute articulation is modeled by a rotation axis a (‖a‖ = 1), a
pivot point p on that axis, and a rotation angle θ. A point x on the mobile
part at state l = 0 is transformed to its position at state l = 1 by the rigid
transformation 1T0:

1T0(x) = Ra,θ(x− p) + p, (3.2)

where Ra,θ is the rotation matrix derived from the axis-angle representation.
A prismatic articulation is modeled by a translation axis a (‖a‖ = 1) and a
translation distance d. The goal is to reconstruct the object’s geometry and
appearance at the part level while estimating the transformation 1T0.

3.4.2 Articulation Operator for Gaussian Primitives
Having defined how a 3D point transforms under articulation, we now lift
the same rigid transformation to the Gaussian primitives that make up our
representation. Specifically, a Gaussian is: (1) rotated by an angle θ around
an axis defined by a pivot point p and a direction vector a; and (2) translated
along the same axis by a distance d. This transformation requires updating
the Gaussian’s parameters (µ′,R′,S′, σ′) to reflect its new state. Furthermore,
since the radiance field of the Gaussian (represented by Spherical Harmonics)
is defined in its local frame and does not change, we must also compute the
transformed view direction d′ for correctly querying the color.

Let x′ be the new position of a point x after applying the articulated
motion. The transformation is given by:

x′ = Ra,θ(x− p) + p+ da, (3.3)

where Ra,θ is the rotation matrix corresponding to the axis-angle pair (a, θ).
By definition, the influence of the transformed Gaussian at the new point x′

must equal the influence of the original Gaussian at the original point x:

g(x′ | µ′,R′,S′, σ′) = g(x | µ,R,S, σ) ∀x. (3.4)

By substituting Equations (3.1) and (3.3) into Equation (3.4), we can derive
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Figure 3.2: To compensate for the articulation of the Gaussian primitive,
the view direction is transformed into the Gaussian’s local coordinate frame
before querying the radiance field, which itself remains unchanged.

the updated parameters for the articulated Gaussian:

µ′ = Ra,θ(µ− p) + p+ da, (3.5a)
R′ = Ra,θR, (3.5b)
S′ = S, (3.5c)
σ′ = σ. (3.5d)

To determine the correct view direction d′ for querying the radiance field, we
consider a local coordinate frame w′ that moves with the Gaussian. A point
x′ in the world frame w corresponds to the point x in the local frame w′.
The transformation from the local frame to the world frame is wTw′(x) =
Ra,θ(x−p)+p+ da. Therefore, a view direction d in the world frame must
be transformed into the local frame for the color query:

d′ = w′Tw(d) (3.6a)
= Ra,θ

−1d. (3.6b)

Figure 3.2 provides a conceptual illustration of this process.
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(a) Stage 1: Per-state
reconstruction.

(b) Stage 2: Cross-static formulation for
mobility estimation.

(c) Stage 3: Cross-mobile formulation for
articulation estimation and mobility refinement.

Figure 3.3: Overview of the SplArt methodology. Our approach con-
sists of three decoupled stages to ensure stable optimization. (a) Stage 1
constructs an independent 3DGS model for each state using a standard pho-
tometric loss. (b) Stage 2 introduces a cross-static formulation to estimate
the mobility of each Gaussian, effectively segmenting the object into static
and mobile parts. (c) Stage 3 employs a cross-mobile formulation to estimate
the articulation parameters and jointly refine the part segmentation.
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3.4.3 Decoupled Multi-Stage Optimization
Jointly optimizing for geometry, appearance, part segmentation, and artic-
ulation parameters from scratch is highly susceptible to converging to poor
local minima [108, 168]. To ensure stable and accurate convergence, we de-
couple the part-level reconstruction and articulation estimation into a three-
stage process, as illustrated in Figure 3.3.

Stage 1: Independent Per-State Reconstruction

The first stage focuses solely on reconstructing the object’s appearance and
geometry at each of the two observed states independently. We optimize
two separate 3DGS models, one for each state l ∈ {0, 1}, using the standard
3DGS training procedure. Each Gaussian in these initial models is assigned a
persistent state label, l. We denote the resulting set of Gaussians for state l as
Gref
l , where the superscript emphasizes that this is a reference reconstruction.

The optimization for each state is guided by a photometric loss ∆I :

min
Gref
l

∆I(Î
ref,i
l , I il ), (3.7a)

Îref,i
l = R(Gref

l ,Pi
l,Ki

l), (3.7b)

where R(·) is the differentiable 3DGS rendering function. This stage provides
two high-fidelity, but independent, representations of the object.

Stage 2: Mobility Estimation via Cross-Static Formulation

The second stage aims to segment the object into its static and mobile parts
by estimating a mobility value for each Gaussian primitive. To begin, we
duplicate the reference Gaussians Gref

l to create target representations Gtgt
l

for each state. These target Gaussians will be modified in subsequent stages,
while the reference models remain fixed.

We extend each Gaussian in Gtgt with a differentiable mobility parameter
m ∈ [0, 1], initialized to 0.5. This parameter allows us to decompose any
Gaussian into a static component and a mobile component. The opacity σ
of the original Gaussian is split between these two components: the static
component receives an opacity of σ · (1 − m), and the mobile component
receives σ ·m. We denote the set of all mobilities as M.

The key insight for this stage is that the static parts of the object should
be geometrically consistent across both states. We formalize this with a
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cross-static (cs) formulation, where the object’s complete static geometry
Gs is represented by the union of the static components from both states:

Gs = Gtgt
l · (1−Ml)⊕ Gtgt

1−l · (1−M1−l), (3.8)

where ⊕ denotes concatenation. The full representation for rendering state
l is then the combination of this shared static part and its own mobile part:

Gtgt,cs
l = Gs ⊕ (Gtgt

l · Ml). (3.9)

This stage proceeds in two sub-stages:

Stage 2a: Coarse Mobility Estimation with Geometric Consistency.
We first obtain a coarse estimate of the mobilities using geometric supervision
alone. To measure the geometric distance between two sets of Gaussians, we
introduce a weighted version of the Chamfer distance. Specifically, letting
X = {(xi, vi)}Mi=1 and Y = {(yj, wj)}Nj=1 be two sets of point-weight pairs,
the weighted Chamfer distance is defined as:

Chamfer(X ,Y) =
∑

(xi,vi)∈X

ṽi min
(yj ,wj)∈Y

‖xi − yj‖2

+
∑

(yj ,wj)∈Y

w̃j min
(xi,vi)∈X

‖xi − yj‖2, (3.10)

where ṽi = vi/
∑

vi and w̃j are the normalized weights. In our application,
each Gaussian is treated as a point at its mean position, and its weight is its
mobility-modified opacity.

The mobilities are then optimized by minimizing this Chamfer distance
between the cross-static representation Gtgt,cs

l and the original reference re-
construction Gref

l for both states:

min
M

CDcs
0 +CDcs

1 +λgeom‖M‖, (3.11a)

where CDcs
l = Chamfer(Gtgt,cs

l ,Gref
l ). (3.11b)

A regularization term λgeom‖M‖ is added to encourage smaller mobility val-
ues, preventing the trivial solution where all Gaussians are mobile (m = 1).
This step is computationally fast and provides a reasonable initialization for
the next, more intensive refinement.
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Stage 2b: Joint Refinement with Photometric Supervision. Next,
we refine the mobilities and the full set of Gaussian attributes (position, ro-
tation, scale, etc.) using photometric supervision. We optimize the target
Gaussians Gtgt and the mobilities M by rendering the cross-static represen-
tation and minimizing the photometric loss against the input images:

min
Gtgt,M1−l

∆I(Î
cs
l , Il) + λphoto‖M1−l‖, (3.12a)

Îcs
l = R(Gtgt,cs

l ), (3.12b)

where λphoto‖M1−l‖ is a regularization term similar to that in Equation (3.11a).
This joint optimization produces a much more accurate part segmentation,
preparing the model for the final stage of articulation estimation.

Stage 3: Articulation Estimation via Cross-Mobile Formulation

The final stage estimates the articulation parameters that define the trans-
formation between the two states. The core intuition here is that the mobile
part in state 0, when transformed by the articulation motion, should align
perfectly with the mobile part in state 1. We introduce a cross-mobile
(cm) formulation to enforce this consistency. The mobile part at state l,
denoted Gm

l , is now represented as the union of its own mobile component
and the transformed mobile component from the other state:

Gm
l = (Gtgt

l · Ml)⊕ lT1−l(Gtgt
1−l · M1−l), (3.13)

where lT1−l is the rigid transformation from state 1− l to l. The full repre-
sentation for rendering state l thus becomes:

Gtgt,cm
l = Gs ⊕ Gm

l , (3.14)

with Gs defined as in Equation (3.8). This stage is also divided into sub-stages
for robustness.

Stage 3a: Coarse Articulation Estimation with Geometric Consis-
tency. Similar to Stage 2a, we coarsely estimate the articulation param-
eters T by minimizing the geometric discrepancy between the cross-mobile
representation and the reference model. This Cross-Mobile Geometric
Consistency loss is defined as

CDcm
l = Chamfer(Gtgt,cm

l ,Gref
l ). (3.15)
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(a) Failure with cross-mobile geometric
consistency.

(b) Success with mobile-only geometric
consistency.

Figure 3.4: Handling geometrically ambiguous parts. For the toaster, the flat
slider is geometrically similar to the static body. The standard cross-mobile
consistency fails because nearest-neighbor associations in the Chamfer dis-
tance are error-prone. The mobile-only formulation, which focuses exclu-
sively on aligning the mobile parts, successfully estimates the articulation.

However, we observe that this formulation is susceptible to local minima,
particularly if the mobile part is geometrically insignificant compared to the
static part, as illustrated in Figure 3.4.

To remedy this, we propose an alternative formulation, Mobile-Only
Geometric Consistency, which directly aligns the mobile parts from the
two states:

CDm = Chamfer(Gtgt
l · Ml,

lT1−l(Gtgt
1−l · M1−l)). (3.16)

While this successfully addresses scenarios like the one in Figure 3.4, the
mobile-only formulation can fall short in other circumstances, especially when
the visible portions of the mobile part differ significantly between the two
states (Figure 3.5).

To take advantage of both formulations and to facilitate robustness in the
inherently non-convex optimization of articulation parameters, we propose
the following practical strategy:

1. With Km randomized tries, we perform an initial articulation estima-
tion via the mobile-only geometric consistency:

Tm = arg min
T

CDm . (3.17)

2. With Kcm randomized tries, plus another try initialized with the best
result from the previous step (Tm), we perform a second estimation via
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(a) Failure with mobile-only geometric
consistency.

(b) Success with cross-mobile geometric
consistency.

Figure 3.5: Handling partial observations. For the pen, only one end of
the mobile part is visible in each state. The mobile-only consistency fails
because the reconstructed mobile components are geometrically dissimilar.
The cross-mobile consistency, which considers the joint representation, cor-
rectly estimates the articulation.

the cross-mobile geometric consistency:

Tcm = arg min
T

(CDcm
0 +CDcm

1 ). (3.18)

3. A final run, initialized with the best result from the second step (Tcm),
jointly refines both the articulation parameters and the mobilities by
minimizing the cross-mobile geometric consistency loss:

min
M,T

(CDcm
0 +CDcm

1 ). (3.19)

This hierarchical approach of using multiple randomized trials and progres-
sively refining the estimate significantly improves the likelihood of converging
to the correct articulation model.

Stage 3b: Joint Refinement with Photometric Supervision. With a
coarse estimate of the articulation parameters, we perform a joint optimiza-
tion over all parameters—Gaussian attributes, mobilities, and articulation—
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using the photometric rendering loss:

min
Gtgt,M1−l,lT1−l

∆I(Î
cm
l , Il), (3.20a)

Îcm
l = R(Gtgt,cm

l ). (3.20b)

Stage 3c: Mobility Correction. Finally, we perform a quick geometric
correction step on the mobilities. Since photometric supervision is limited
to the training views, some Gaussians might be incorrectly assigned a high
mobility if the articulation moves them out of view. A final optimization pass
using only the cross-mobile geometric consistency loss, with fixed articulation
parameters, corrects these errors.

3.4.4 Application to Real-World Data
To apply SplArt to objects in the real world, we establish a pipeline that
begins with image capture from a handheld camera. For each of the two ar-
ticulation states, we capture a set of images from various viewpoints around
the object. We then use SAM 2 [175] to perform foreground-background
segmentation, which separates the articulated object (the foreground) from
the static background. We run COLMAP [5], a state-of-the-art Structure-
from-Motion (SfM) tool enhanced with SuperPoint [12] descriptors and Su-
perGlue [31] matching, on the segmented background regions from both sets
of images simultaneously. Since the background is static across both artic-
ulation states, this process robustly registers all camera poses into a single,
consistent world coordinate frame. The segmented foreground images and
their corresponding registered poses then provide the necessary high-quality
input for the main SplArt optimization pipeline.

3.5 Experiments
To rigorously evaluate the performance of SplArt, we conducted a compre-
hensive suite of experiments designed to assess its capabilities in articulation
estimation, part-level reconstruction, and real-world applicability. This sec-
tion details the datasets used for evaluation, the metrics for quantifying per-
formance, the baselines against which we compare, and a thorough analysis
of the quantitative and qualitative results, including ablation studies that
validate our core design choices.
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3.5.1 Experimental Setup
Datasets

Our evaluation leverages both existing and newly curated datasets to ensure
a comprehensive assessment across a diverse range of objects and scenarios.

PARIS PartNet-Mobility Subset (PARIS-PMS). We first evaluate
on the dataset introduced by PARIS [108], which consists of 10 object in-
stances (8 revolute, 2 prismatic) from the PartNet-Mobility dataset [32]. For
each object, 100 rendered views are provided for training at each of the
two end states, with 50 novel views reserved for testing. While the original
dataset did not include ground-truth depth or segmentation maps, we aug-
mented it by following the original data generation protocol to enable a more
thorough evaluation. A key limitation of this dataset is that its test set only
includes views of the two end states, precluding a quantitative evaluation of
novel articulation synthesis.

SplArt PartNet-Mobility Subset (SplArt-PMS). To overcome the
limitations of the PARIS-PMS dataset and to provide a more challenging
benchmark, we curated a new, more comprehensive subset from PartNet-
Mobility, which we refer to as SplArt-PMS. This dataset comprises 22
object instances from categories not present in PARIS-PMS, including 12
with revolute and 10 with prismatic articulations. Crucially, the test set
for SplArt-PMS includes views of the object at intermediate articulation
states, uniformly sampled from the range [−0.1, 1.1]. This enables a direct
quantitative assessment of novel articulation synthesis and demands a higher
degree of accuracy in all aspects of the reconstruction.

Real-World Dataset. To demonstrate the practical utility of SplArt
in real-world settings, we collected a new dataset of 7 common household
and office objects, featuring a total of 9 different articulations (e.g., monitor
stand, cabinet door, eyeglasses). All images were captured using a standard
handheld smartphone camera, and the camera poses were subsequently cal-
ibrated using the SfM-based pipeline detailed in Section 3.4.4. This dataset
serves to validate the robustness of our full pipeline, from data capture to
final reconstruction.
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Evaluation Metrics

We evaluate performance across two primary tasks: articulation estimation
and part-level reconstruction.

Articulation Estimation. The accuracy of the estimated articulation
model is measured based on its type.

• For a revolute articulation, defined by a pivot point p, rotation axis
a, and angle θ, we report three metrics: the angular error of the axis
(erra), the geodesic distance between the predicted and ground-truth
rotations (errr), and the pivot point error (errp), calculated as the clos-
est distance between the predicted and ground-truth rotation axes.

• For a prismatic articulation, defined by a translation axis a and dis-
tance d, we report the axis error (erra) and the Euclidean distance
between the predicted and ground-truth translation vectors (errt).

Part-Level Reconstruction. Reconstruction quality is assessed from three
perspectives: photometric accuracy, geometric fidelity, and segmentation cor-
rectness, all evaluated on novel test views.

• Photometric Quality: We measure the visual quality of rendered
RGB images using the Peak Signal-to-Noise Ratio (PSNR).

• Geometric Accuracy: We evaluate geometric fidelity in two ways.
First, we compute the Mean Absolute Error (MAE) between the ren-
dered and ground-truth depth maps. Second, we extract meshes from
the 3DGS representation and compute the Chamfer Distance (CD) be-
tween the reconstructed and ground-truth meshes for the static part
(CDs), mobile part (CDm), and the whole object (CDw).

• Part Segmentation Accuracy: We measure the correctness of the
part segmentation by rendering segmentation maps and calculating the
mean Intersection-over-Union (mIoU) across the static part, mobile
part, and background.
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Robustness and Success Criteria. Recognizing that the joint optimiza-
tion problem is susceptible to local minima, we conduct ten trials for each
experiment with different random seeds to ensure a robust evaluation. A trial
is deemed successful only if all of the following criteria are met: erra < 5◦;
errp < 0.05 (for revolute); errr < 10◦ (for revolute); and errt < 0.05 (for
prismatic). We report the success rate (number of successful runs out of ten)
and present all other metrics averaged only over the successful runs.

Baselines

We compare SplArt against two state-of-the-art methods:

• PARIS [108]: This method addresses the same task setup as SplArt,
using a NeRF-based representation to jointly optimize for shape, ap-
pearance, and articulation from two sets of multi-view RGB images.

• DTA [157]: This method also reconstructs articulated objects from two
states but requires RGB-D images as input. It is important to note that
DTA produces object meshes that are not suitable for photorealistic
rendering, unlike SplArt and PARIS.

Implementation Details

The SplArt framework builds on two open-source libraries: nerfstudio [119]
for its neural rendering pipeline and gsplat [161] for its Gaussian splatting
implementation. We maintain consistent hyperparameters across all experi-
ments, including both synthetic and real-world datasets.

The optimization stages have different termination criteria. Stages driven
by geometric consistency (Stages 2a, 3a, and 3c) are run until convergence,
which is determined by monitoring the rate of change of the loss function.
In contrast, stages guided by a photometric loss (Stages 1, 2b, and 3b) are
run for a fixed number of iterations: 10 000, 5000, and 10 000, respectively.
For context, the default 3DGS implementation in nerfstudio (splatfacto)
trains for 30 000 iterations.

In Stage 3a, we set the number of randomized trials to Km = Kcm = 3.
Each of these trials takes between 10 seconds and 1 minute to run on an
NVIDIA RTX 2080 Ti GPU. The total training time for SplArt is approxi-
mately 20–30 minutes, which is about twice as long as a standard splatfacto
run. For comparison, PARIS [108] requires 15–20 minutes, and DTA [157]
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Type Method Success
rate %

x erra
(×10−2 DEG)

y errp
(×10−3)

y errr
(×10−2 DEG)

y errt
(×10−3)

y CDs
(×10−3)

y CDm
(×10−3)

y CDw
(×10−3)

y
Revolute

PARIS 40.0 121.90 ± 68.45 5.27 ± 4.55 127.80 ± 55.12 N/A 3.48 ± 0.39 68.44 ± 13.03 13.11 ± 1.16
DTA† 98.8 12.32 ± 4.16 1.86 ± 1.69 19.41 ± 16.28 N/A 2.20 ± 0.49 1.27 ± 1.87 1.73 ± 0.03
SplArt 100.0 3.70 ± 0.38 0.40 ± 0.07 4.85 ± 0.33 N/A 4.08 ± 0.32 1.06 ± 0.78 3.59 ± 0.21

Prismatic
PARIS 50.0 27.97 ± 13.09 N/A N/A 4.28 ± 3.02 9.21 ± 1.94 151.78 ± 35.00 7.99 ± 0.49
DTA† 100.0 16.26 ± 3.54 N/A N/A 1.15 ± 0.14 2.69 ± 0.04 15.74 ± 0.28 2.22 ± 0.03
SplArt 95.0 2.36 ± 0.44 N/A N/A 0.33 ± 0.04 6.02 ± 0.20 16.77 ± 1.14 3.69 ± 0.14

Overall
PARIS 42.0 103.12 ± 57.38 5.27 ± 4.55 127.80 ± 55.12 4.28 ± 3.02 4.63 ± 0.70 85.11 ± 17.42 12.09 ± 1.03
DTA† 99.0 13.11 ± 4.04 1.86 ± 1.69 19.41 ± 16.28 1.15 ± 0.14 2.30 ± 0.40 4.16 ± 1.55 1.83 ± 0.03
SplArt 99.0 3.44 ± 0.39 0.40 ± 0.07 4.85 ± 0.33 0.33 ± 0.04 4.47 ± 0.30 4.20 ± 0.85 3.61 ± 0.19

Table 3.1: PARIS-PMS articulation and mesh reconstruction metrics. Best
results in bold. †DTA requires ground-truth depth.

takes 35–45 minutes. At inference time, SplArt can render novel views and
articulations at 60–100 frames per second, with performance varying based
on scene complexity.

3.5.2 Quantitative and Qualitative Results
The main text reports scene-averaged metrics and representative qualitative
comparisons; per-scene tables and additional qualitative results are given in
Appendix A.

Articulation Estimation Accuracy

We first evaluate the accuracy of the estimated kinematic models. Tables 3.1
and 3.2 present the scene-averaged articulation errors on the PARIS-PMS
and SplArt-PMS datasets, respectively. SplArt consistently and signifi-
cantly outperforms the baselines across both datasets and for both articula-
tion types. On the more challenging SplArt-PMS benchmark, our method
achieves a much higher success rate, demonstrating the robustness of our
multi-stage optimization strategy. The qualitative results in Figure 3.6 fur-
ther illustrate this, where the estimated articulation axis and motion (red
arrow) from SplArt closely match the ground truth (green arrow), while
the baseline struggles.

Part-Level Reconstruction Quality

Next, we assess the quality of the part-level reconstructions. Tables 3.3
and 3.4 report the novel view synthesis metrics. SplArt achieves superior
performance in photometric rendering (PSNR), geometric accuracy (Depth
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Type Method Success
rate %

x erra
(×10−2 DEG)

y errp
(×10−3)

y errr
(×10−2 DEG)

y errt
(×10−3)

y
R

ev
ol

ut
e

PARIS 18.3 167.34 ± 42.47 9.36 ± 3.73 270.37 ± 91.19 N/A
DTA† 33.3 32.76 ± 2.38 1.28 ± 0.39 40.80 ± 4.66 N/A
SplArt-2a 78.5 2.91 ± 0.55 2.53 ± 2.18 52.06 ± 32.00 N/A
SplArt-2b 67.0 4.62 ± 1.69 3.92 ± 3.07 131.99 ± 64.45 N/A
SplArt-3a 0.8 296.61 ± 0.00 2.83 ± 0.00 427.10 ± 0.00 N/A
SplArt-3b 76.7 84.13 ± 19.13 5.11 ± 3.03 206.98 ± 56.30 N/A
SplArt 77.5 20.76 ± 0.81 3.93 ± 2.41 78.31 ± 31.06 N/A

Pr
ism

at
ic

PARIS 39.0 49.49 ± 18.92 N/A N/A 14.96 ± 5.51
DTA† 90.0 102.77 ± 12.48 N/A N/A 9.25 ± 0.73
SplArt-2a 90.0 25.88 ± 23.25 N/A N/A 1.50 ± 1.63
SplArt-2b 85.7 15.63 ± 20.40 N/A N/A 0.73 ± 0.58
SplArt-3a 13.0 15.17 ± 0.59 N/A N/A 2.26 ± 0.04
SplArt-3b 86.0 61.00 ± 19.76 N/A N/A 9.43 ± 2.37
SplArt 95.0 25.72 ± 17.63 N/A N/A 1.04 ± 0.32

O
ve

ra
ll

PARIS 27.7 103.88 ± 29.79 9.36 ± 3.73 270.37 ± 91.19 14.96 ± 5.51
DTA† 59.1 77.76 ± 8.87 1.28 ± 0.39 40.80 ± 4.66 9.25 ± 0.73
SplArt-2a 83.7 13.85 ± 11.36 2.53 ± 2.18 52.06 ± 32.00 1.50 ± 1.63
SplArt-2b 74.7 9.34 ± 9.71 3.92 ± 3.07 131.99 ± 64.45 0.73 ± 0.58
SplArt-3a 6.4 85.53 ± 0.44 2.83 ± 0.00 427.10 ± 0.00 2.26 ± 0.04
SplArt-3b 80.9 73.62 ± 19.42 5.11 ± 3.03 206.98 ± 56.30 9.43 ± 2.37
SplArt 85.5 23.02 ± 8.46 3.93 ± 2.41 78.31 ± 31.06 1.04 ± 0.32

Table 3.2: SplArt-PMS articulation metrics. Best results in bold. †DTA
requires ground-truth depth.

MAE), and part segmentation (mIoU). The mesh-based Chamfer Distance
metrics, reported in the rightmost columns of Table 3.1, show that even
without depth supervision, SplArt achieves geometric accuracy on par with
DTA (which uses depth) and significantly better than PARIS.

Figure 3.6 provides a visual comparison of the reconstruction quality. The
RGB renderings from SplArt are sharper and more detailed, and the part
segmentation maps are cleaner and more accurate compared to the baseline.
Furthermore, Figure 3.7 showcases one of SplArt’s key advantages: the
ability to render high-fidelity, photorealistic views of the object at novel,
intermediate articulation states, a capability not quantitatively evaluated by
prior benchmarks but essential for robotics and simulation.



CHAPTER 3. UNDERSTANDING ARTICULATED OBJECTS 52

Input States PARIS SplArt GT

Figure 3.6: Qualitative comparison on part-level reconstruction and articu-
lation estimation. For each object, the first row shows color renderings and
the second row shows part segmentation maps. “GT” denotes ground truth.

3.5.3 Ablation Studies
To validate the contributions of the different components within our multi-
stage optimization pipeline, we conducted a series of ablation studies on the
more challenging SplArt-PMS dataset. We considered four variants of our
method, each skipping a specific stage:

• SplArt-2a: Skips the coarse mobility estimation with geometric self-
supervision (Stage 2a).

• SplArt-2b: Skips the mobility refinement with photometric supervi-
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Type Method PSNR ↑ Depth MAE ↓ mIoU ↑

Revolute
PARIS 32.21 0.093 0.955
DTA† N/A 0.031 0.941
SplArt 43.53 0.039 0.974

Prismatic
PARIS 33.75 0.108 0.902
DTA† N/A 0.066 0.844
SplArt 44.38 0.025 0.890

Overall
PARIS 32.52 0.096 0.942
DTA† N/A 0.038 0.922
SplArt 43.70 0.036 0.957

Table 3.3: PARIS-PMS novel view synthesis metrics, averaged over successful
runs (see Table 3.1 for success rates). Best results in bold. †DTA requires
ground-truth depth.

sion (Stage 2b).

• SplArt-3a: Skips the coarse articulation estimation with geometric
self-supervision (Stage 3a).

• SplArt-3b: Skips the joint refinement of articulation with photometric
supervision (Stage 3b).

The results, presented in Table 3.2, demonstrate that removing any of these
stages leads to a degradation in performance, particularly in the success
rate. This confirms that each stage plays a crucial role in stabilizing the
optimization and guiding it toward the correct solution, highlighting the
effectiveness of our decoupled, multi-stage design.

3.5.4 Robustness of Geometric Consistency
In Stage 3a, our strategy of using multiple randomized trials with both
mobile-only and cross-mobile geometric consistency is key to achieving ro-
bust articulation estimation. For this strategy to be effective, two conditions
must be met: (1) a correct articulation estimate should result in a lower
loss value than most incorrect estimates; and (2) the optimization should
have a high probability of converging to the global optimum within a small
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Type Method PSNR ↑ Depth MAE ↓ mIoU ↑

Revolute
PARIS 32.75 0.125 0.897
DTA† N/A 0.053 0.886
SplArt 36.38 0.032 0.897

Prismatic
PARIS 32.30 0.124 0.902
DTA† N/A 0.060 0.857
SplArt 37.77 0.033 0.938

Overall
PARIS 32.51 0.125 0.900
DTA† N/A 0.058 0.867
SplArt 37.01 0.032 0.916

Table 3.4: SplArt-PMS novel view and articulation synthesis metrics, av-
eraged over successful runs (see Table 3.2 for success rates). Best results in
bold. †DTA requires ground-truth depth.

number of randomized trials. To validate these conditions, we conducted an
experiment with 200 independent optimization trials for several scenes from
the SplArt-PMS dataset: 100 using mobile-only consistency and 100 using
cross-mobile consistency. Figure 3.8 visualizes the results. The scatter plot
shows the final loss rank for each trial, distinguishing between successful and
failed runs. The results confirm our hypotheses: successful trials consistently
cluster at the lower end of the loss spectrum, and the combination of both
formulations ensures a high success rate across different object geometries.

3.5.5 Real-World Application
Finally, to demonstrate the practical viability of SplArt, we applied it to
our custom dataset of real-world objects captured with a handheld camera.
Figure 3.9 showcases the results. Despite the challenges of real-world data,
including imperfect camera poses and lighting variations, SplArt success-
fully reconstructs a diverse set of articulated objects and accurately estimates
their kinematic models. This validates our approach as a practical tool for
building actionable, dynamic models of objects for robotic interaction.
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Figure 3.7: State interpolation from the estimated articulation.

3.6 Discussion
While SplArt provides a robust solution for two-part articulated objects, it
is important to acknowledge its limitations and consider promising avenues
for future research.

3.6.1 Scope and Limitations
The reliance on only two end-state observations, while powerful for data-
sparse scenarios, can lead to inherent ambiguities. When multiple distinct
articulation models can explain the observed change in state, the optimiza-
tion may converge to a kinematically plausible but incorrect solution. As
shown in Figure 3.10, this can manifest in scenarios such as a clock’s hand
being modeled with an unexpected rotation axis or a globe’s surface spin-
ning independently from its stand. These cases highlight the fundamental
challenge of inferring motion from minimal temporal data and suggest that
incorporating weak priors or a few intermediate observations could be a valu-
able avenue for future research.

3.6.2 Future Directions
A natural direction for future work is extending the framework to handle
more complex, multi-part scenarios. SplArt is not fundamentally limited
to two-part articulated objects. Assuming the number of DoFs is known, an
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Figure 3.8: An analysis of the robustness of geometric consistency for ar-
ticulation estimation. The horizontal axis represents different scenes, each
with two columns for the two optimization formulations: mobile-only and
cross-mobile. The vertical axis represents the loss rank (lower is better).
For each trial, • denotes success and × denotes failure. The average suc-
cess rates for each formulation are shown below the scene name. We observe
that successful trials (•) are consistently associated with lower losses, and
that both formulations are necessary to ensure overall robustness (e.g., the
pen scene requires cross-mobile consistency, while the toaster scene requires
mobile-only consistency).

extension would maintain the same initial two stages: reconstructing refer-
ence states and separating static from mobile components. The third stage
would further entail identifying the specific part ID for each Gaussian across
both states. This could involve associating each Gaussian with a part ID
logit vector or adopting an MLP-based part assignment field, similar to [157].
Both of these approaches would yield a soft part ID assignment, thereby en-
abling optimization via our proposed self-supervised geometric consistency
and photometric losses.

While feasible, this extension would increase the number of optimizable



CHAPTER 3. UNDERSTANDING ARTICULATED OBJECTS 57

State 0 Static Part Mobile Part State 1

Figure 3.9: Real-world articulated object reconstructions.

parameters, potentially exacerbating the local minimum issue. Critically,
existing methods that address multi-part scenarios typically require non-
hierarchical articulations, where all mobile parts are directly connected to a
single static parent part. Furthermore, they often rely on ground-truth depth
and/or pre-trained priors [157], limiting their practicality. Consequently,
our current work focuses on two-part articulated objects, whose real-world
prevalence warrants a dedicated solution. Nevertheless, adapting SplArt for
multi-part articulations remains a promising direction for future research.

3.6.3 Relation to Subsequent Work
Because SplArt shares a narrow publication window with several closely-
related methods, much of what we call “subsequent” is in fact concurrent.
ArtGS [172], REArtGS [178], ArticulatedGS [169], ArtiPoint [177], Articulate-
Anything [170], and Real2Code [173] all appeared around the same time
as SplArt and differ primarily in which axis of capability they priori-
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Figure 3.10: Failure cases due to inherent ambiguities in articulation.

tize: multi-part topologies (ArtGS), VLM- or category-driven semantic pri-
ors (Articulate-Anything, Real2Code), or dynamic in-the-wild capture via
point tracking (ArtiPoint). Methods that exceed SplArt on richer topolo-
gies or category coverage typically do so by accepting stronger supervision:
pretrained semantic backbones, category priors, or dense temporal observa-
tions. Methods that further reduce data requirements, conversely, typically
trade generality for category specialization. SplArt remains the reference
design for its particular regime: joint part-level reconstruction and articu-
lation inference from exactly two end-state observations, without category
priors, 3D supervision, or pretrained semantic backbones. The natural con-
tinuation, extending this regime to multi-part topologies without sacrificing
self-supervision, is the future direction sketched above.

3.7 Conclusion
This chapter introduced SplArt, a self-supervised framework that addresses
the critical challenge of understanding the dynamic, functional properties
of objects essential for robotic interaction. We have demonstrated that by
leveraging 3D Gaussian Splatting and observing an object in just two distinct
articulation states, it is possible to reconstruct its part-level geometry and
appearance while simultaneously inferring its underlying kinematic model.
The key contributions of this work—the augmentation of 3D Gaussians with a
differentiable mobility parameter, a robust multi-stage optimization strategy,
and the use of geometric self-supervision—collectively enable SplArt to
achieve state-of-the-art performance without relying on 3D ground truth or
category-specific priors.
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The capabilities developed in this chapter represent a significant step
forward in building an actionable world model for an embodied agent. While
the previous chapter’s work on NeRFuser provided the foundational ability
to construct a spatially-scalable, static map of the environment, SplArt
enriches this representation with a crucial layer of temporal and functional
understanding. By moving beyond static geometry to model the articulated
nature of objects, we equip the robot with the knowledge not just of what is
in the world, but how it can be manipulated.

With the spatial and kinematic layers of our world model now in place, the
final piece of the puzzle is to connect them to high-level embodied intelligence.
Having established how to build a large-scale map and how to understand the
movable objects it contains, the next chapter will bridge the gap to robotic
action by leveraging the reasoning capabilities of Large Language Models.
We will explore how an LLM can serve as a central reasoning engine to inter-
pret complex human commands and maintain a consistent world state over
time, thereby translating high-level goals into concrete, physically-grounded
actions that an embodied agent can execute.



Chapter 4

Bridging Perception and Action
with LLM-Powered Embodied
Reasoning

4.1 Introduction
The preceding chapters established a comprehensive perceptual foundation
for an autonomous agent. In Chapter 2, we introduced NeRFuser, a frame-
work to construct spatially-scalable, high-fidelity 3D models of static envi-
ronments. Subsequently, in Chapter 3, we enriched this world model with a
crucial layer of temporal and functional understanding, enabling the recon-
struction of articulated objects and the inference of their kinematic proper-
ties. Together, these contributions provide a robot with a rich, detailed, and
dynamic representation of its surroundings, one where it can perceive not
only what exists in the world and where, but also how objects can move and
be manipulated.

However, this powerful perceptual apparatus is only one half of the equa-
tion for true embodied intelligence. With the spatial and kinematic layers of
our world model in place, the final and most critical challenge is to bridge
the gap between perception and action. How can a robot leverage this de-
tailed understanding to reason about its environment, comprehend high-level
human instructions, and execute complex, multi-step tasks that unfold over
extended interactions? This chapter posits that the emergent reasoning ca-
pabilities of Large Language Models (LLMs) provide the key to unlocking

60



CHAPTER 4. LLM-POWERED EMBODIED REASONING 61

Figure 4.1: The overall Transcrib3D framework, which takes as input the
colored point-cloud and referring expression (in teal), and outputs the ID or
bounding box of the referent object. To resolve the referring expression “the
chair in the corner of the room, between the white and yellow desks”, the
framework needs to locate the pillow in the green box, while all other pillows
in red boxes are distractors.

this connection, serving as a central cognitive engine that translates human
goals into physically-grounded robotic behavior.

To this end, we address two fundamental and complementary challenges
at the heart of embodied reasoning. First, a robot must be able to robustly
interpret human language. Natural language is often ambiguous and context-
dependent, featuring complex referring expressions (e.g., “the cup farthest
from the door”) that require sophisticated spatial and semantic understand-
ing to ground correctly in a cluttered 3D scene. Second, a robot must be able
to perform long-horizon tasks that require maintaining a consistent under-
standing of the world as it changes over time, often as a direct result of the
robot’s own actions. Without an explicit mechanism to track this evolving
world state, reasoning can quickly become untethered from reality, leading
to task failure.

This chapter presents a two-pronged approach that leverages LLMs to
solve these intertwined problems. We introduce two distinct yet synergis-
tic systems that, together, form a powerful framework for language-driven
embodied reasoning:
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say("The Rubik's cube is under the blue cup. I shall put away
 the blue cup first.")
put_first_on_second("blue cup", "empty space")
update_wm("Put the blue cup on the empty space.")
say("Now I can put the toy wheel on the Rubik's cube.")
put_first_on_second("toy wheel", "rubiks cube")
update_wm("Put the toy wheel on the Rubik's cube.")

Put the toy wheel on
 the Rubik’s cube.

# state = {
# "objects": ("rubiks cube", "toy duckie", "toy wheel", "yellow block"),
# "covers": ("red cup", "green cup", "blue cup", "black cup"),
# "rubiks cube": {"under": "blue cup"},
# "toy wheel": {"on": "yellow block"},
# "yellow block": {"under": "toy wheel"},
# "blue cup": {"on": "rubiks cube"},}

World State Writer

World State Reader

State

Code

User Query

Figure 4.2: Our Statler framework enables robots to carry out complex tasks
specified in natural language that require reasoning over long time horizons.
Integral to our model are its world-state writer and world-state reader, two
instances of general LLMs responsible for maintaining the explicit world state
and generating code that enables the robot to carry out the task.

• Transcrib3D,1 a system that tackles the challenge of language ground-
ing by using text as a unifying medium [138] (see Figure 4.1). Rather
than attempting to learn a complex, multi-modal mapping from vision
and language to action—a process hampered by the scarcity of anno-
tated 3D data—Transcrib3D first uses a 3D object detector to generate
a textual “transcript” of the scene. This transcript, which details the
properties and spatial relationships of detected objects, is then fed to
an LLM, which can apply its powerful linguistic reasoning abilities to
resolve complex, free-form referring expressions and accurately identify
the user’s intended object of interest.

• Statler,2 a novel architecture that endows an LLM-based agent with
the ability to explicitly maintain and reason over the world state for
long-horizon tasks [162] (see Figure 4.2). Addressing the limitations of
prior “model-free” approaches that condition actions only on history,
Statler employs a world-state reader to generate actions based on the
current state and a world-state writer to update that state after an

1Code is publicly available at https://github.com/ripl/Transcrib3D.
2Code is publicly available at https://github.com/ripl/statler.

https://github.com/ripl/Transcrib3D
https://github.com/ripl/statler
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action is executed. By making the world state an explicit, persistent
component of the reasoning process, Statler enables a robot to perform
complex, sequential tasks that depend on a consistent and accurate
understanding of the environment over time.

Transcrib3D and Statler address complementary challenges that together
span the path from high-level human command to successful robotic exe-
cution. Transcrib3D targets the interpretive front-end, robustly grounding
the user’s intent within the rich 3D world model. Statler targets the state-
ful execution back-end, enabling the robot to carry out multi-step plans by
reasoning over a consistently updated world state. We develop and evalu-
ate the two systems independently rather than as a single jointly deployed
pipeline; we return to the question of how they could be integrated into a
unified system in Section 4.5.3. By presenting these two systems, this chapter
demonstrates how the abstract reasoning power of LLMs can be effectively
harnessed to create robotic agents that are not only perceptually aware but
also capable of intelligent, goal-directed action in complex, human-centric
environments.

4.2 Related Work
The endeavor to imbue robotic agents with high-level reasoning by leveraging
Large Language Models (LLMs) is a rapidly advancing frontier of research.
Our work, which focuses on grounding natural language and maintaining
world state, is situated at the confluence of several key areas: the application
of LLMs to robotics, the specific challenges of language grounding in 3D
environments, and the critical role of state representation in long-horizon
planning and reasoning.

4.2.1 Large Language Models for Robotic Reasoning
and Planning

Since LLMs are trained on internet-scale corpora, their infused common sense
knowledge has proven invaluable for high-level planning from natural lan-
guage instructions [52, 61, 105]. This has led to successful applications in
both complex object manipulation [114, 122] and navigation tasks [29, 92,
101, 117]. A significant thrust in this area involves combining LLMs with
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expressive visual-language embeddings to create powerful, general multi-
modal embodied models [44, 83, 89]. More recently, this line has culmi-
nated in end-to-end vision-language-action (VLA) models that directly pre-
dict robot actions from language and visual inputs [87, 131, 140, 147, 152].
In parallel, the underlying LLM reasoning capabilities have themselves ad-
vanced rapidly, with structured frameworks such as Tree of Thoughts [125]
and Graph of Thoughts [130] extending chain-of-thought prompting, and
reasoning-specialized models trained via reinforcement learning [167] pro-
ducing further gains on complex multi-step problems.

A particularly effective paradigm for translating an LLM’s reasoning into
physical action is through code generation. Code generation is one of the
most successful applications of LLMs [25, 34, 36, 55, 68, 112], and because
code can interface with executable APIs for computation, vision, and ma-
nipulation, many works have focused on using LLMs as “tool-users” [113,
115, 118]. In the robotics context, Code-as-Policies [105] was among the first
to demonstrate that an LLM can generate Python code that calls upon a
library of robotic skills to solve complex tasks. Beyond action code, subse-
quent work has extended this paradigm to the specification of reward func-
tions and affordance-like value maps for robot control [102, 110, 127, 158];
for a broader overview of this rapidly-evolving area, we refer the reader to
recent surveys [139, 144]. Our work builds upon this powerful paradigm,
using code generation as a primary mechanism for both querying the world
state and for executing actions.

4.2.2 Grounding Language in 3D Scenes
For an LLM’s reasoning to be useful, it must be grounded in the robot’s phys-
ical environment. A primary challenge in this domain is the resolution of 3D
referring expressions, a task popularized by benchmarks like ReferIt3D [24]
and ScanRefer [26]. The dominant approach has been to develop end-to-end
models that learn a joint multi-modal embedding, aggregating features from
point-clouds, images, and text using Transformer architectures [11]. Methods
such as MVT [60], BUTD-DETR [64], SAT [49], HAM [57], ViL3DRel [58],
and 3D-VisTA [129] fall into this category. Others have explored joint learn-
ing of captioning and grounding [54, 56] or neuro-symbolic frameworks [100].
However, these multi-modal approaches are often hampered by the relative
scarcity of annotated 3D data compared to the 2D domain, which limits their
reasoning capabilities.
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In contrast, our work on Transcrib3D aligns with an alternative strategy
that uses text as the unifying medium, thereby sidestepping the need to learn
complex cross-modal representations from limited data. Instead of multi-
modal fusion, our approach first transcribes the 3D scene into a detailed
textual format, then applies the powerful, pre-existing reasoning capabilities
of an LLM to this textual scene representation. This philosophy is shared by
other works that leverage textual 3D information for tasks like indoor scene
generation [91] and multi-robot navigation [126]. Concurrent work has also
explored using LLMs to reason over textual scene data for grounding, albeit
with different, more task-specific reasoning pipelines [160]. Furthermore,
the iterative code generation and self-correction process in Transcrib3D is
directly inspired by general LLM reasoning frameworks such as ReAct [82]
and Reflexion [154].

While Transcrib3D relies on text, a parallel stream of research has sought
to build unified “3D-LLMs” that directly ingest 3D data. Grounded 3D-
LLM [134] introduces referent tokens to link language and 3D regions within
a single model. To address the data scarcity issue, 3D-GRAND [159] provides
a large-scale dataset for grounding and hallucination reduction. Similarly,
LLM-Grounder [160] employs an LLM agent for open-vocabulary grounding.
While these end-to-end approaches are promising, Transcrib3D demonstrates
the efficacy of a text-bottleneck approach that leverages the vast reasoning
priors of off-the-shelf LLMs without requiring expensive 3D pre-training.

4.2.3 State Maintenance for Long-Horizon Reasoning
While grounding a single command is crucial, enabling a robot to perform
long-horizon tasks requires a persistent understanding of the world that
evolves over time. However, recent work has shown that standard LLMs
struggle with planning and maintaining consistency over long sequences of
actions [107, 121, 155]. Many existing LLM-robotics systems are effectively
“model-free,” conditioning each new action only on the history of observa-
tions and prior actions without an explicit, structured representation of the
world state. This approach is not ideal, as the unstructured history can
quickly grow to an unmanageable size.

Our work on Statler is motivated by the principle that an explicit state
representation can significantly enhance reasoning and planning. This idea
has been shown to be effective in algorithmic reasoning tasks, where spelling
out intermediate steps or states improves final performance [41, 73]. In the
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context of robotics, some approaches use LLMs as a high-level intermediary
to interface with traditional, symbolic planners that operate on a formal
state representation [97, 107, 123]. Others have used feedback or fine-tuning
on world-model traces to improve planning performance [124, 155]. Statler
proposes a different approach: empowering the LLM itself to maintain and
update a natural language representation of the world state. By explicitly
separating the roles of a world-state reader (which generates actions based
on the current state) and a world-state writer (which updates the state after
an action), Statler provides a structured yet flexible mechanism for tracking
the dynamic environment, enabling more robust and reliable execution of
multi-step, state-dependent tasks.

The critical role of explicit state tracking, central to Statler, is echoed
in recent long-horizon planning literature. RoboHorizon [166] utilizes LLM-
assisted “world models” to generate rewards for multi-stage manipulation.
StateAct [153] introduces a “chain-of-states” approach, prompting the LLM
to explicitly track state changes in a text-based history. Unlike these methods
which often rely on implicit or unstructured state histories, Statler enforces
a structured separation between state reading and writing, ensuring consis-
tency over longer horizons.

4.3 Methodology
To bridge the gap between a rich 3D world model and intelligent robotic
action, we introduce two complementary systems that leverage the reasoning
power of Large Language Models (LLMs). The first, Transcrib3D, focuses
on robustly grounding a user’s natural language commands in the 3D scene.
The second, Statler, addresses execution and planning by maintaining an
explicit world state for long-horizon, multi-step tasks. This section details
the technical approach of each system, which together form a comprehensive
framework for LLM-powered embodied reasoning.

4.3.1 Transcrib3D: Grounding Referring Expressions
via Scene Transcription

The Transcrib3D framework is designed to resolve complex 3D referring ex-
pressions by using text as a unifying medium, effectively bridging 3D per-
ception with LLM-based reasoning. As illustrated in Figure 4.1, the overall
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pipeline takes a colored point-cloud as input. It first applies a 3D object
detector to generate an exhaustive list of objects in the scene, which is then
transcribed into a textual format. This list is subsequently filtered to identify
objects relevant to the provided referring expression. The resulting filtered
object information, along with the expression itself, serves as input to an
LLM-based reasoning module that iteratively generates and executes code
to arrive at the final answer. We consider two primary modes for interfacing
with the LLM: a zero-shot approach guided by carefully designed principles,
and a more adaptive approach involving the fine-tuning of smaller models
based on self-reasoned corrections.

Detect and Transcribe 3D Information

Given a colored point-cloud of the scene, we first perform semantic segmen-
tation of objects using Mask3D [116]. We associate with each detected object
its category based on the semantics, center location, spatial extent according
to the 3D bounding box, as well as its mean color. The 3D orientation of
an object can also be incorporated using PartNet [17]. Transcrib3D com-
piles the information associated with all detected objects as a list to form
an object-centric scene description. The following shows an example of such
a scene transcript (exact numeric values and duplicate object categories are
replaced by …).

Spatial Semantic Scene Description for All Objects

scene0592: ... Scene center: [...] ... objs list:
monitor, id=0, ctr=[...], size=[...], rgb=[...];
...
box, id=5, ctr=[...], size=[...], rgb=[...];
copier, id=6, ctr=[...], size=[...], rgb=[...];
floor, id=7, ctr=[...], size=[...], rgb=[...];
wall, id=8, ctr=[...], size=[...], rgb=[...];
...
armchair, id=15, ctr=[...], size=[...], rgb=[...];

Pre-Filtering Relevant Objects for Utterance

The aforementioned procedure results in a representation of every object
detected in the scene. However, only a small fraction of these objects will
typically be relevant to the given referring expression. Given the utterance,
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“chair in the corner of the room, between white and yello desks”,
the model identifies the following objects as relevant,

Spatial Semantic Scene Description for Relevant Objects

scene0592: ... Scene center: [...] ... objs list:
wall, id=8, ctr=[...], size=[...], rgb=[...];
...
armchair, id=15, ctr=[...], size=[...], rgb=[...];
...
chair, id=19, ctr=[...], size=[...], rgb=[...];

and the remainder as irrelevant. Simplifying the object list by filtering out
irrelevant items (taking into account synonyms and hypernyms) not only re-
duces processing time and the number of tokens for LLMs, but also facilitates
reasoning by reducing content that may potentially be distracting. Such an
approach has been shown to improve the efficiency of language grounding [19].

Iterative Code Generation and Reasoning

Compositional reasoning that involves arithmetic calculations, which is cru-
cial for spatial reasoning, is a well-known weakness of Transformers and
LLMs [90]. However, most contemporary approaches to 3D referring expres-
sion resolution rely on a single forward pass of a Transformer to reach the
final answer, which can be limiting in terms of reasoning power. In order to
avoid this weakness, Transcrib3D equips the LLM with a Python interpreter
and directs the LLM to generate code whenever quantitative evaluations
are necessary. Transcrib3D then locally executes the generated code using
a Python interpreter and appends the output to the original conversation.
The resulting prompt is sent back to the LLM to generate the next response.
If there is any error in executing the generated code, Transcrib3D also feeds
information about the error back to the LLM for re-generation. This process
continues until the LLM believes that the reasoning is complete. Figure 4.3
provides an illustration of this process.

We want to emphasize that our design does not distinguish between code
generation and chat reasoning steps. Such a framework simplifies the design,
allows for flexible reasoning, and makes it easy for fine-tuning. But in turn,
it requires the LLM to have the ability to do both, so language models that
are specifically trained for only coding or only chatting will not perform the
best within our framework.
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Figure 4.3: Illustration of the iterative code generation and reasoning process
in Transcrib3D. After code generation, execution results from a local Python
interpreter are fed back to the LLM for further reasoning. The LLM then
proceeds to either (1) fix code errors when encountered, (2) generate addi-
tional code to obtain more information, or (3) output the referred objects
if it has all the needed information. This process continues until the LLM
believes the reasoning to be complete.

Principles-Guided Zero-Shot Prompting

Spatial reasoning can require special geometric operations with respect to
natural languages that are not familiar with LLMs [90]. For example, when
handling left/right spatial relations, which should factor in the observer’s
viewpoint, LLMs often naively ground them with smaller/larger values in the
x-coordinates. In order to overcome these deficiencies, Transcrib3D employs
a suite of general principles to guide LLM reasoning. For example: (1) use
HSL space rather than RGB space to better match colors with its names;
(2) perform vector operations to resolve directional relations; and (3) calcu-
late the point-to-plane distance to determine who’s closer to a wall. The full
prompts are included in the released code. Although the set of principles
work generally well once designed, new environments and new dataset will
require certain new set of rules to be adaptive, which makes it labor-intensive
and hard to scalable.

Fine-tuning from Self-Reasoned Correction

To overcome the shortcomings of a human-designed rule-based system and to
make the method more adaptive to new environments, we leverage the self-
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introspection capabilities of LLMs to reflect on their mistakes. By collecting
these self-reflections and fine-tuning the model based on the insights gained,
the system continuously learns, improves, and adapts to new challenges. We
do so via the following procedure:

1. Use the prompt with general principles on the training set to have
the LLM generate an initial set of answers, each accompanied by an
elaborated reasoning process.

2. For any incorrect answer, augment the original prompt with the correct
object ID and request the LLM to reflect on why the original answer
is incorrect (“What went wrong?”).

3. Append the reflected reasoning, without the answer, to the original
prompt to run the reasoning module again.

4. Gather the reasoning processes of the correct examples from the orig-
inal process and the self-reflected examples to produce a dataset for
LLM fine-tuning.

5. Use supervised fine-tuning with quantization [70] to fine-tune on small-
scale language models [120].

Listing 4.1 shows an example of the self-reasoned correction step. Note that
after fine-tuning, we no longer include general principles in the prompt. In
this way, the system not only incorporates the guiding principles but further
improves itself by learning from self-reasoned correction.

Application to Robotic Manipulation

The ultimate goal of grounding language is to enable embodied agents to
follow human instructions. The Transcrib3D framework can be directly in-
tegrated into a robotic manipulation pipeline to achieve this. A language-
guided pick-and-place task, for instance, can be decomposed into three steps:
(1) parsing the instruction to identify the referring expressions for the ob-
ject to be picked and the target placement location; (2) resolving these two
expressions in the context of the robot’s 3D environment using the Tran-
scrib3D methodology; and (3) executing the physical pick-and-place action.
As demonstrated in Figure 4.4, this integration allows a real robot to suc-
cessfully interpret and execute commands involving sophisticated spatial and
relational language, showcasing the practical utility of our approach.
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Self-Correction for Fine-Tuning
Assistant: Based on the calculated metrics, we can see that chair 49 has the
smallest distance to the nearest two walls, which means it is most likely to be in
the corner of the room. It also has the smallest distance to the nearest white desk
and a relatively small distance to the nearest yellow desk, which means it is likely
to be between a white desk and a yellow desk. Therefore, chair 49 is the most
likely to be the chair described in the description. Now the answer is complete –
‘ID’:49

User: The correct answer is object 18. Can you double check the information of
object 18 and the given prompt and see where you got wrong?

Assistant: Let’s revisit the information provided for object 18 and the constraints
given in the prompt to identify where the mistake might have occurred. Object 18
is described as follows: - Type: Chair - Center: [-2.98, -3.31, 0.39] - Size: [0.53,
0.61, 0.81] - RGB: [60, 58, 50] The constraints from the prompt are: 1. The
chair is in the corner of the room. 2. The chair is between a white and a yellow
desk. Upon reviewing the code execution results, it was noted that chair 18 has
a relatively small distance to the nearest two walls, indicating it could be in the
corner of the room. Additionally, chair 18 has a very small distance to the nearest
white desk (0.66) and a reasonable distance to the nearest yellow desk (2.58), which
aligns with the constraint of being between a white and a yellow desk. The mistake
in the initial analysis was not properly considering the combination of both con-
straints together. While chair 49 had the smallest distance to the nearest two walls
and a very small distance to the nearest white desk, it did not optimally satisfy the
condition of being between a white and a yellow desk as well as chair 18 did. Chair
18’s proximity to both a white and a yellow desk, along with its corner location,
makes it the correct answer according to the given constraints.

Listing 4.1: An example of self-reasoned correction for fine-tuning. During
self-correction, the LLM realizes its mistake during the initial analysis.

4.3.2 Statler: State-Maintaining Models for Embodied
Reasoning

While Transcrib3D grounds language to identify objects, Statler focuses on
using an LLM to execute complex, multi-step tasks that require maintaining
a consistent understanding of the world as it evolves over time. The key
idea is to explicitly maintain an estimate of the world state and to track its
transitions as actions are taken by the agent. This model-based approach ad-
dresses the known challenge that LLMs often struggle to implicitly maintain
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Figure 4.4: Application of Transcrib3D to a real-world robotic manipulation
task. The system enables a robot to successfully execute a pick-and-place
instruction containing complex referring expressions: “cover the toy duckie
surrounded by the cups with the black cup farthest from the shortest cup.”

state over long interaction horizons [85, 149].

Motivation: The Need for Explicit State Tracking

Recent work has demonstrated that LLMs struggle with planning and main-
taining consistency over long sequences of actions [107, 121, 155]. When an
LLM must implicitly maintain the world state in its internal representation,
its performance can degrade rapidly as the number of steps increases.

To illustrate this limitation, we use the simple shell game of three-cups-
and-a-ball as a pedagogical example. In this game, a ball is hidden under
one of three cups. After a series of K swaps between pairs of cups, the model
must identify the final location of the ball. We compare three prompting
strategies: a vanilla approach that asks for the final state directly (List-
ing 4.2); a Chain-of-Thought (CoT) approach that asks the model to reason
through all intermediate states at the end (Listing 4.3); and our proposed
state-maintaining approach, where the model is prompted to update the state



CHAPTER 4. LLM-POWERED EMBODIED REASONING 73

Listing 4.2: The prompt
and desired output of
the vanilla LLM.
1 # Initial state
2 cups = [False, True, False]
3 Swapping cup 1 with cup 2
4 Swapping cup 0 with cup 2
5 Swapping cup 1 with cup 2
6 cups = [True, False, False]

Listing 4.3: The prompt
and desired output of
LLM+CoT.
1 # Initial state
2 cups = [False, True, False]
3 Swapping cup 1 with cup 2
4 Swapping cup 0 with cup 2
5 Swapping cup 1 with cup 2
6 cups = [False, False, True]
7 cups = [True, False, False]
8 cups = [True, False, False]

Listing 4.4: The prompt
and desired output of
LLM+State.
1 # Initial state
2 cups = [False, True, False]
3 Swapping cup 1 with cup 2
4 cups = [False, False, True]
5 Swapping cup 0 with cup 2
6 cups = [True, False, False]
7 Swapping cup 1 with cup 2
8 cups = [True, False, False]

after each individual swap (Listing 4.4).
As shown in Figure 4.5, the state-maintaining method significantly out-

performs the other approaches. The accuracy of the vanilla and CoT methods
deteriorates quickly as the number of swaps increases, whereas the state-
maintaining method remains robust. This simple experiment clearly demon-
strates that by making the world state an explicit, external artifact that is
updated at each step, we can drastically improve an LLM’s ability to perform
long-horizon, state-dependent reasoning. This core principle motivates the
design of the Statler framework.

The Statler Framework: A Reader-Writer Architecture

The Statler framework, illustrated in Figure 4.2, operationalizes the prin-
ciple of explicit state maintenance by splitting the total reasoning burden
across two distinct, prompted LLMs: a world-state reader and a world-
state writer. This separation of concerns allows each component to become
specialized for its respective subtask. The world-state reader is responsible
for responding to the user’s query by generating an action (in the form of
executable code) conditioned on the current world state. The world-state
writer is responsible for updating the state representation after an action
has been executed. This approach can be seen as a model-based extension
of the Code-as-Policies (Code-as-Policies) paradigm [105], incorporating an
explicit state-tracking mechanism while retaining the power of hierarchical
code generation.

To understand the operation of the reader and writer models, consider
the example prompts in Listings 4.5 and 4.6. In Listing 4.5, the world-state
reader is given an initial state representation (in a JSON-like format) and
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Listing 4.5: World-state reader. The text highlighted in green represents the
part that the model is expected to generate.
1 # state = {
2 # "objects": ["cyan block", "yellow block", "brown block", "purple block", "blue

block", "green bowl", "red bowl", "disinfector"],
3 # "relations": [],
4 # "disinfector": {"contains": []},
5 # "cyan block": {"is": ["dirty"]},
6 # "yellow block": {"is": ["clean"]},
7 # "brown block": {"is": ["clean"]},
8 # "purple block": {"is": ["dirty"]},
9 # "blue block": {"is": ["clean"]},

10 # "green bowl": {},
11 # "red bowl": {}
12 # }
13 # query: Put the cyan block on the yellow block
14 put_first_on_second("cyan block", "yellow block")
15 update_wm("Put the cyan block on the yellow block")

Listing 4.6: World-state writer. The text rendered in blue highlights the
updated part of the state.
1 # state = {
2 # "objects": ["cyan block", "yellow block", "brown block", "purple block", "blue

block", "green bowl", "red bowl", "disinfector"],
3 # "relations": [],
4 # "disinfector": {"contains": []},
5 # "cyan block": {"is": ["dirty"]},
6 # "yellow block": {"is": ["clean"]},
7 # "brown block": {"is": ["clean"]},
8 # "purple block": {"is": ["dirty"]},
9 # "blue block": {"is": ["clean"]},

10 # "green bowl": {},
11 # "red bowl": {}
12 # }
13 # query: Put the cyan block on the yellow block.
14 # state = {
15 # "objects": ["cyan block", "yellow block", "brown block", "purple block", "blue

block", "green bowl", "red bowl", "disinfector"],
16 # "relations": [["cyan block is on yellow block"]],
17 # "disinfector": {"contains": []},
18 # "cyan block": {"is": ["dirty"]},
19 # "yellow block": {"is": ["dirty"]},
20 # "brown block": {"is": ["clean"]},
21 # "purple block": {"is": ["dirty"]},
22 # "blue block": {"is": ["clean"]},
23 # "green bowl": {},
24 # "red bowl": {},
25 # }
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Figure 4.5: Model accuracies on the three-cups-and-a-ball shell game. The
state-maintaining method significantly outperforms both vanilla and Chain-
of-Thought (CoT) prompting, with the performance gap increasing as the
number of swaps (the task horizon) grows.

a user query (“Put the cyan block on the yellow block”). The reader’s task
is to generate the Python code that accomplishes this command, taking the
current state into account. After this code is generated and executed, the
state may need to be updated. The generated code can trigger this update
by calling a special update_wm function, which passes a new query to the
world-state writer.

Listing 4.6 shows the corresponding input for the world-state writer. It
receives the current state and the update query from the reader’s generated
code. Its sole responsibility is to generate the new, updated JSON-like rep-
resentation of the world state. This updated state is then saved and becomes
the “current state” for the next turn of interaction. By explicitly passing
the state back and forth between the reader and writer, Statler ensures that
all actions are grounded in a consistent and up-to-date world state, enabling
more robust performance on long-horizon, state-dependent tasks.
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4.4 Experiments
To validate the effectiveness of our LLM-powered framework for embodied
reasoning, we conducted a comprehensive set of experiments designed to eval-
uate both the language grounding capabilities of Transcrib3D and the long-
horizon, state-maintaining performance of Statler. This section details the
experimental setups, datasets, and results for each system, demonstrating
their individual strengths and collective contribution to enabling sophisti-
cated robotic intelligence.

4.4.1 Evaluating Transcrib3D: 3D Referring Expres-
sion Resolution

We first assess the performance of Transcrib3D on the task of grounding
complex referring expressions in 3D scenes. Our evaluation uses standard
benchmarks to quantify its accuracy and compares it against state-of-the-art
multi-modal approaches.

Benchmarks and Metrics

We evaluate Transcrib3D on two widely-used benchmarks:

• ReferIt3D [24]: This benchmark formulates the task as a multiple-
choice problem where, given a set of segmented objects, the goal is
to identify the unique referent from a natural language expression. It
includes two distinct subsets: SR3D, with template-based utterances,
and NR3D, with free-form human-generated utterances. Performance
is measured by accuracy.

• ScanRefer [26]: In this benchmark, the model is given a colored
point-cloud and a query and must return the 3D bounding box of
the target object. Performance is measured by accuracy at different
Intersection-over-Union (IoU) thresholds with the ground-truth bound-
ing box, specifically at 25% (acc@0.25IoU) and 50% (acc@0.5IoU).

Grounding Accuracy on ReferIt3D

We tested several variations of our method against baselines on the ReferIt3D
dataset. On NR3D, our best model, Transcrib3D (GPT4-P), was evaluated
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Method
Nr3D Sr3D

Overall Easy Hard View Dep. View Ind. Overall Easy Hard View Dep. View Ind.

SAT† [49] 49.2 56.3 42.4 46.9 50.4 57.9 61.2 50.0 49.2 58.3
BUTD-DETR† [64] 54.6 60.7 48.4 46.0 78.0 67.0 68.6 63.2 57.0 67.7
MVT† [60] 59.5 67.4 52.7 59.1 60.3 64.5 66.9 58.8 58.4 64.7
ViL3DRel§ [58] 64.4 70.2 57.4 62.0 64.5 72.8 74.9 67.9 63.8 73.2
3D-VisTA§ [129] 64.2 72.1 56.7 61.5 65.1 76.4 78.8 71.3 58.9 77.3
Transcrib3D (GPT-3.5-NP) 33.8 42.6 25.0 26.9 36.0 79.3 82.8 70.7 70.6 80.5
Transcrib3D (GPT-3.5-P) 46.6 56.0 37.1 29.9 51.9 80.0 80.8 78.1 82.4 79.7
Transcrib3D (GPT-4-NP) 64.5 71.8 57.1 49.4 71.3 97.4 98.4 94.7 87.3 98.7
Transcrib3D (GPT-4-P) 70.2 79.7 60.3 60.1 75.4 98.4 99.2 96.2 98.2 98.4

Table 4.1: Grounding accuracy (%) on Nr3D and Sr3D. † denotes results
from the official benchmarks, and § denotes results reported in the respective
papers. P: with principles; NP: no principles. Easy samples have one or no
distractors in a scene, while Hard samples have two or more. View Dep.
(view-dependent) samples contain language that relies on viewing directions,
while View Ind. (view-independent) samples do not. All our models are
equipped with interactive code generation. Transcrib3D with GPT-4 and
general principles surpasses all baselines by a large margin.

on the full test set, while other variants were evaluated on a subset of 500
random samples. On SR3D, all Transcrib3D models were evaluated on a
similar 500-sample subset. Table 4.1 presents the results. Our approach
significantly outperforms previous methods, showcasing the power of lever-
aging LLM reasoning over a textual scene transcript. Figure 4.6 provides a
qualitative comparison, highlighting Transcrib3D’s superior ability to handle
complex, multi-constraint expressions.

Grounding Accuracy on ScanRefer

We evaluated our best variant (GPT4-P) on the ScanRefer benchmark, which
requires predicting a bounding box without ground-truth segmentations. Ta-
ble 4.2 shows that Transcrib3D achieves state-of-the-art performance, whether
using detected or ground-truth bounding boxes as input. The performance
gain is particularly notable when using ground-truth boxes, suggesting that
improvements in 3D object detection will directly translate to better ground-
ing performance for our system.
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(a) Utterance: “On the bed with the laptop its the pillow
by the light.” This query requires understanding three
constraints together: “On the bed”, “with the laptop”,
and “by the light”.

(b) Utterance: “The foremost pillow on the bed of the
group of pillows.” This query requires understanding that
the pillow needs to be among a group.

Figure 4.6: Qualitative comparisons between Transcrib3D (ours, in green)
and 3D-VisTA (in red) on the NR3D dataset. Our method correctly grounds
the complex language where the baseline fails.
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Method Data Det.
Overall

acc@0.25 acc@0.5

ViL3DRel [58] Full PG 47.9 37.7
3D-VisTA [129] Full M3D 50.6 45.8
3D-VisTA (re-run) Full M3D 50.7 45.9
3D-VisTA (re-run) Part. M3D 50.6 44.6
Transcrib3D Part. M3D 51.2 44.4
Transcrib3D + Cam Part. M3D 51.3 45.5
3D-VisTA (re-run) Part. GT 55.6 55.6
Transcrib3D Part. GT 62.0 62.0
Transcrib3D + Cam Part. GT 64.2 64.2

Table 4.2: Grounding accuracy (%) on ScanRefer. Full: entire validation
set (5,410 samples). Part.: fixed 500-sample subset common to all methods.
Det.: 3D detector used. PG = PointGroup [27]; M3D = Mask3D [116]; GT
= ground-truth boxes. On ScanNet, mAP@0.5 is 56.7 for PG and 73.7 for
M3D [116]. We evaluate ours and re-run 3D-VisTA on the same 500 samples
using M3D, GT boxes, and an additional “+ Cam” setting that augments
the scene transcript with camera-view metadata from ScanRefer. ScanRefer
permits all modalities and ranks methods together; our zero-shot method
easily incorporates this extra information.

Effects of Fine-tuning from Self-Reasoned Correction

To assess the viability of using smaller, more efficient models, we studied the
effect of our proposed fine-tuning strategy. We used GPT-4 to generate self-
corrected reasoning traces on the NR3D training set and then used this data
to fine-tune a smaller gpt-3.5-turbo model. As shown in Table 4.3, the
fine-tuned smaller model significantly closes the performance gap with the
much larger GPT-4 model. This result is particularly promising for deploying
Transcrib3D on robotic platforms with limited computational resources, as
it demonstrates a clear path to achieving high performance without relying
on large, proprietary models.
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Models Total Easy Hard Time

GPT-3.5 (zero-shot) 33.8 42.6 24.0 ∼ 15s
GPT-3.5 (correct-only FT) 60.7 52.8 41.9 ∼ 15s
GPT-3.5 (self-correct FT) 61.5 54.6 80.0 ∼ 15s
GPT-4 (zero-shot) 69.4 78.7 60.0 ∼ 60s

Table 4.3: Performance of fine-tuning models on NR3D. Fine-tuned GPT-3.5
models demonstrate a significant improvement in performance when com-
pared to zero-shot models, closely approaching the capabilities of GPT-4.
The model fine-tuned on self-corrected examples sees an increase in perfor-
mance compared to that fine-tuned on only correct examples, particularly
for hard queries. Notably, the fine-tuned models are not provided with rule-
based prompts during both fine-tuning and inference time, suggesting that
implicit decision rules are learned from examples.

4.4.2 Evaluating Statler: Long-Horizon Embodied Rea-
soning

Having established a robust method for language grounding, we now turn
to evaluating Statler’s ability to perform long-horizon, multi-step tasks that
require maintaining an explicit world state.

Simulated Tabletop Manipulation Domains

We evaluate Statler on three simulated tabletop manipulation domains, each
designed to test different aspects of state-dependent reasoning. The domains,
illustrated in Figure 4.7, are:

• Pick-and-Place: Requires the robot to track object locations over a
sequence of manipulation actions.

• Block Disinfection: Involves a latent property (cleanliness) that is
not directly observable and must be inferred and tracked throughout
the task as objects interact.

• Relative Weight Reasoning: Requires the agent to remember and
reason about the relative weights of different objects in order to satisfy
complex constraints.
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(a) Pick-and-place (b) Disinfection (c) Weight reasoning

Figure 4.7: The simulated domains used to evaluate Statler. Latent prop-
erties, such as dirtiness in (b) (translucent sphere) and weight in (c) (disk
radius), are not visible to the robot and must be tracked in the world state.

For each domain, we created 20 evaluation episodes, each consisting of 5-16
consecutive user queries that require reasoning over the interaction history.
Appendix B presents one example episode per domain together with the
prompts used.

Comparison with Baselines

We compare Statler against two strong baselines: Code-as-Policies [105], a
model-free approach that conditions actions on history, and CaP with Chain-
of-Thought (CaP+CoT) [79], which encourages intermediate reasoning. An
episode is considered successful only if the model correctly responds to all
queries in the sequence.

Table 4.4 reports the episode and individual step success rates. The
results are stark: while the baselines correctly handle more than half of
the individual steps, their performance collapses over longer horizons, fail-
ing to complete any full episodes in the more complex domains. In contrast,
Statler’s explicit state-maintaining approach allows it to complete a majority
of episodes, demonstrating a dramatic improvement in long-horizon reason-
ing. Figures 4.8 and 4.9 shows qualitative examples where Code-as-Policies
fails on state-dependent instructions that Statler handles correctly.
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Pick & Place Disinfection Weight

CaP 0.00 (0.54) 0.00 (0.68) 0.00 (0.84)

CaP+CoT 0.25 (0.76) 0.00 (0.20)† 0.30 (0.88)

Statler (ours) 0.50 (0.88) 0.40 (0.82) 0.55 (0.93)

Table 4.4: Episode and individual step (in parentheses) success rates for each
sequential task. †marks cases where the context limit was often exceeded.

What is the color of the block right above the blue block?

Code-as-Policies: fails to generate anything

Statler (ours): “red”

How many blocks are not in the bowls?

Code-as-Policies: “There are two blocks not
in the bowls: brown block and yellow block.”

Statler (ours): “three blocks”

Figure 4.8: LLM queries with and without a maintained world state. In
the first scenario, Code-as-Policies fails to produce an answer, whereas our
Statler model returns the correct response. In the second, one block is oc-
cluded and Code-as-Policies incorrectly labels two blocks as “not a bowl.”
By maintaining a persistent world state, our method remains aware of the
third block and answers correctly.
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Initial State Code-as-Policies Statler (ours)

put a block in the blue bowl so that the total weight of blocks
in the blue bowl is less than what is in the gray bowl

7 3

Initial State Code-as-Policies Statler (ours)

put blocks in the purple bowl so that their total weight
becomes identical to what is in the gray bowl

7 3

Initial State Code-as-Policies Statler (ours)

put all the dirty blocks on the table

7 3

Figure 4.9: Simulation scenarios comparing Code-as-Policies and our state-
maintaining Statler on executing natural language instructions.
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Non-temporal Temporal
CaP Statler (ours) CaP Statler (ours)

Pick & Place 1.00 (62/62) 1.00 (68/68) 0.31 (9/29) 0.83 (48/58)

Disinfection 0.99 (148/149) 0.98 (164/168) 0.05 (1/20) 0.65 (15/23)

Weight 1.00 (107/107) 1.00 (107/107) 0.00 (0/20) 0.55 (11/20)

Table 4.5: Success rates of Code-as-Policies (CaP) and Statler for non-
temporal and temporal queries.

Analysis of Temporal vs. Non-Temporal Queries

To better understand where Statler excels, we categorize each query as either
temporal (requiring memory of past interactions) or non-temporal. Table 4.5
analyzes the success rates on these query types. Both Statler and the base-
lines perform near-perfectly on non-temporal queries. However, for temporal
queries, the performance of Code-as-Policies drops dramatically, while Statler
maintains a high success rate. This clearly indicates that the performance
gap is driven by Statler’s superior ability to reason about a consistently up-
dated world state over time.

State-Maintenance Ablations

To analyze the design of our reader-writer architecture, we compare Statler
to three variations:

• Statler-Unified: Uses a single LLM for both reading the state and
writing updates.

• Statler-Auto: Provides the writer with a natural language instruction
on how to update the state, rather than few-shot examples.

• Statler w/o State: Removes state maintenance entirely, reducing the
model to Code-as-Policies.

Table 4.6 shows that removing state maintenance entirely (Statler w/o State)
leads to a complete failure on long-horizon tasks. Our proposed reader-writer
architecture (Statler) consistently outperforms the unified model, suggesting
that specializing the prompts for reading and writing is beneficial. Interest-
ingly, the Statler-Auto variant performs very well, indicating that LLMs can
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Pick & Place Disinfection Weight

Statler w/o State 0.00 (0.54) 0.00 (0.68) 0.00 (0.84)

Statler-Unified 0.40 (0.85) 0.35 (0.79) 0.50 (0.92)

Statler-Auto 0.75 (0.88) 0.45 (0.82) 0.40 (0.90)

Statler (ours) 0.50 (0.88) 0.40 (0.82) 0.55 (0.93)

Table 4.6: Ablation episode (individual step) success rates.

effectively follow abstract instructions for state updates, potentially reducing
the need for extensive prompt engineering.

4.4.3 Application to Real-World Robotic Manipulation
Finally, to assess the practical utility of each system, we deployed Tran-
scrib3D and Statler on a physical UR5 robotic arm for pick-and-place tasks
involving complex language and state-dependent logic. Rather than jointly
deploying both systems as a single pipeline, we evaluate their individual
contributions on a shared platform: Section 4.4.3 isolates Transcrib3D’s im-
pact on language grounding by pairing it with the standard Code-as-Policies
execution backbone, while Section 4.4.3 isolates Statler’s impact on state-
dependent execution using Code-as-Policies-grounded perception. We discuss
a concrete path toward jointly deploying the two systems in Section 4.5.3.

Referring Expressions for Manipulation

We first evaluated the impact of using Transcrib3D for perception within
the Code-as-Policies framework. We tasked the robot with instructions con-
taining complex referring expressions. As shown in Figures 4.4 and 4.10,
Transcrib3D enables the robot to correctly ground phrases like “the toy
duckie surrounded by the cups” and “the black cup farthest from the short-
est cup,” which a standard perception module fails to interpret. Our method
(CaP+Transcrib3D) achieved an 80% instruction success rate, compared to
just 20% for the baseline (CaP+MDETR), demonstrating the critical role of
robust language grounding for real-world tasks.
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toy duckie surrounded by the cups cup between the 2 left-most duckies

Figure 4.10: Qualitative comparisons of the grounding performance of
CaP+MDETR (top) and CaP+Transcrib3D (bottom).

State-Maintaining Reasoning in the Real World

We then evaluated Statler’s ability to handle state-dependent logic on the
real robot. The task required the robot to reason about object occlusion. For
instance, after placing a cup over a block, it must remember that the block
is covered and remove the cup before it can manipulate the block again.
Figure 4.11 shows a scenario where Code-as-Policies fails because it loses
track of the covered block, while Statler correctly maintains the state and
successfully completes the multi-step instruction. Over 10 episodes, Statler
achieved a 40% episode success rate, compared to 20% for Code-as-Policies,
confirming that the benefits of explicit state maintenance translate directly
to improved performance on a physical robot.
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Put the black cup on the yellow block. Put the yellow block on the Rubik’s cube.

Time

Figure 4.11: A real robot experiment comparing Code-as-Policies and Statler.
The instruction requires remembering that the yellow block is under the black
cup. Code-as-Policies loses track of this and manipulates the wrong object.
Statler maintains the state, removes the cup, and completes the task.

4.5 Discussion and Limitations
Despite the significant advances presented in this chapter, our framework
inherits certain limitations from its core components, which in turn illuminate
promising directions for future research. We first discuss the limitations of
Transcrib3D and Statler in turn, and then describe how the two systems
could be brought together into a unified end-to-end pipeline.

4.5.1 Limitations of Transcrib3D
A primary limitation of Transcrib3D is the information loss that occurs dur-
ing the scene transcription process. By abstracting objects to their bounding
boxes, colors, and categories, we lose fine-grained geometric and textural de-
tails. This can lead to failures when referring expressions rely on nuanced
shape attributes (e.g., “the cylinder shaped trash can”) or functional states
(e.g., an “open” door) that are not captured in the transcript, as illustrated in
Figure 4.12. The performance of Transcrib3D is also fundamentally bounded
by the quality of the upstream 3D object detector; improvements in 3D per-
ception will directly translate to more robust language grounding.
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(a) Utterance: “The cylinder shaped trash can.” Our model is unable
to ground the “cylinder” shape, which is absent from the transcript.

(b) Utterance: “This door is open and has nothing blocking it.” This
query requires understanding the concept of “open”, which is hard to
infer from a bounding box.

Figure 4.12: Typical failure cases in Transcrib3D, with ground-truth bound-
ing boxes shown in green and our predictions in red. These examples high-
light the information bottleneck of using simplified textual descriptions.
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4.5.2 Limitations of Statler
Statler’s reasoning is constrained by the inherent weaknesses of current LLMs.
While explicit state maintenance mitigates memory degradation, the model
can still suffer from logical errors or hallucinations, such as incorrectly updat-
ing a latent property or misinterpreting complex weight-based constraints.
These issues underscore that while LLMs are powerful reasoning engines,
they are not infallible symbolic planners. Future work could explore hybrid
approaches that combine the flexibility of LLMs with the formal guarantees
of traditional planners.

4.5.3 Pathways to Integration
Although we developed and evaluated Transcrib3D and Statler indepen-
dently, the two systems address genuinely complementary problems—grounding
what the user means within the 3D scene and tracking how the world evolves
under the robot’s actions—and their designs admit a natural path to joint
deployment. We sketch here how such an end-to-end pipeline could be con-
structed, what obstacles would need to be overcome, and why the conceptual
coupling is worth pursuing despite the absence of an integrated implementa-
tion in the present work.

A concrete integration path. At the start of an episode, Transcrib3D
would consume the colored point-cloud of the scene and produce its object-
centric scene transcript, as described in Section 4.3.1. The objects it iden-
tifies, together with their categories, positions, spatial extents, and colors,
would then be used to seed Statler’s initial world-state representation rather
than relying on a hand-specified JSON state. When the user issues a com-
mand, any referring expressions within it would be routed through Tran-
scrib3D’s iterative code-generation module (Section 4.3.1) to yield a concrete
object identifier, which the Statler reader would then consume when gener-
ating manipulation code. After each action, the Statler writer would update
the world state in its usual JSON-like format. In most cases this update is
sufficient on its own: the writer already tracks which objects have moved and
how their spatial relationships have changed. A targeted re-transcription by
Transcrib3D would be reserved for situations in which the writer’s text-only
update is unreliable—specifically, when a manipulation may have revealed
previously occluded objects whose existence is absent from the current tran-
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script. Conversely, when an action occludes an object (e.g., placing a cup
over a block), Transcrib3D’s perception would no longer detect it, making
the writer’s state update essential for maintaining a complete picture of the
scene. In this arrangement, Transcrib3D functions as the grounding oracle
and Statler as the stateful controller, with their exchanges mediated entirely
through text.

Remaining challenges. Realizing this design raises several non-trivial
issues. First, the representations at the two interface boundaries are not
drop-in compatible: Transcrib3D’s transcript is a flat list of detected objects
with numeric attributes, while Statler’s state is a structured, task-relevant
JSON-like object whose schema is shaped by few-shot examples, so a schema-
bridging layer would be needed to translate between them faithfully. Second,
although the selective re-transcription strategy described above avoids the
cost of running Mask3D after every action, it introduces a detection prob-
lem of its own: the system must determine when a manipulation may have
revealed previously occluded objects, which itself requires reasoning about
occlusion geometry that neither system currently performs. Third, integra-
tion amplifies the impact of Transcrib3D’s existing perception limitations
(discussed in Section 4.5.1). In standalone operation, a detection error—
such as misclassifying an object or missing one entirely—produces a single
incorrect grounding result. In the integrated system, the same error would
be embedded in Statler’s persistent state and propagate through every sub-
sequent action and state update for the remainder of the episode, since the
writer has no independent perception to detect or correct the discrepancy.

Why the conceptual coupling remains meaningful. Even without a
joint implementation, the conceptual connection between Transcrib3D and
Statler is load-bearing. They target the two essential capabilities that any
language-driven embodied agent must possess, and both build on the Code-
as-Policies paradigm, which provides a common substrate on which each
system’s capabilities can be exposed to the other as callable functions (their
generated code differs in purpose—Transcrib3D’s performs spatial arithmetic
over detected objects while Statler’s invokes manipulation primitives—but
both fit the same LLM-as-code-generator interface). Moreover, both sys-
tems use text as the primary medium for LLM reasoning, which makes their
representations naturally composable: a transcript can seed a state, and a



CHAPTER 4. LLM-POWERED EMBODIED REASONING 91

state can be re-queried via a referring expression. We view the integration
sketched above as a natural next step rather than a speculative leap, and
present it here to make concrete the conceptual bridge between perception
and action that this chapter has argued for throughout.

4.5.4 Relation to Subsequent Work
Transcrib3D. The two years since Transcrib3D’s publication have seen
a proliferation of 3D-aware language models that ingest raw 3D inputs di-
rectly rather than going through a textual transcript. Alongside the already-
cited Grounded 3D-LLM [134], 3D-GRAND [159], and LLM-Grounder [160],
the subsequent wave includes LLaVA-3D [164], Chat-Scene [142], Spatial-
RGPT [135], and SceneFun3D [136]. These methods narrow Transcrib3D’s
principal limitation—the information loss at the transcript bottleneck on
shape attributes and functional states—by consuming raw 3D geometry and
imagery. Transcrib3D’s continuing value lies in a more specific regime. First,
its performance remains competitive despite the bottleneck, supporting the
thesis that text is a sufficient unifying medium when the reasoning burden
is high. Second, the design composes with off-the-shelf 3D detectors and
does not require the 3D-grounded annotations whose scarcity motivated the
method in the first place, making it well-suited to data-sparse deployment in
which end-to-end 3D-VLMs are hard to train or adapt.

Statler. Two axes have developed rapidly since Statler’s publication. On
one, end-to-end vision-language-action (VLA) models—RT-2 [87], Open X-
Embodiment [152], Octo [140], and OpenVLA [147]—pursue state as a learned
quantity implicit in a single network rather than as an explicit textual ob-
ject. On the other, explicit-state LLM agents such as StateAct [153] and
RoboHorizon [166], together with structured reasoning techniques [125, 130,
154], extend the reader-writer idea in different directions. Statler’s continuing
value is the clean separation of world-state writing from action selection, and
the empirical evidence that explicit textual state yields robustness on state-
dependent tasks that end-to-end VLAs have not matched. As VLA models
mature, the reader-writer pattern remains a sensible symbolic scaffold on top
of a learned policy rather than a competitor to it.
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4.6 Conclusion
This chapter bridges the gap between the spatial and kinematic layers of
our world model, established in the preceding chapters, and the execution
of intelligent, goal-directed robotic action. We demonstrated that by har-
nessing the reasoning capabilities of Large Language Models, a robotic agent
can effectively interpret complex human language and maintain a consistent
understanding of its environment over long-horizon tasks. This was accom-
plished through two complementary systems, Transcrib3D and Statler, which
together form a framework for LLM-powered embodied reasoning.

First, we introduced Transcrib3D, a novel framework that tackles the
critical challenge of grounding 3D referring expressions. By pioneering the
use of text as a unifying medium, Transcrib3D sidesteps the data scarcity
problem inherent in traditional multi-modal approaches. It first transcribes
a 3D scene into an object-centric textual description and then leverages an
LLM’s sophisticated linguistic and spatial reasoning abilities—augmented by
iterative code generation—to resolve complex, ambiguous, and relational user
commands. Our experiments on the ReferIt3D and ScanRefer benchmarks
show that this approach achieves state-of-the-art performance, significantly
outperforming prior methods.

Second, we presented Statler, a state-maintaining architecture designed
to overcome the limitations of LLMs in long-horizon planning. Standard
LLM-based agents, which operate in a model-free manner, often fail to track
changes in the world, leading to a collapse in performance on multi-step,
state-dependent tasks. Statler addresses this by explicitly maintaining a rep-
resentation of the world state through its integral world-state reader and
world-state writer. Evaluations on challenging simulated and real-world ma-
nipulation tasks revealed that Statler dramatically outperforms contempo-
rary model-free methods, especially on queries that require reasoning over
past interactions.

Taken together, Transcrib3D and Statler address the two complementary
halves of the journey from high-level human intent to successful robotic exe-
cution. Transcrib3D targets the interpretive front-end, accurately grounding
a user’s goal within the 3D scene, while Statler targets the stateful execution
back-end, enabling the robot to carry out complex, sequential plans. We de-
veloped and evaluated the two systems independently rather than as a single
jointly deployed pipeline; the successful deployment of each on a physical
robot, as shown in Figures 4.4 and 4.11, validates their individual practical
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utility, and Section 4.5.3 sketches a concrete path toward combining them
into a unified end-to-end system.

Ultimately, the success of both systems points to a critical insight: the
primary bottleneck for current multi-modal embodied intelligence may not be
the lack of a unified vision-language representation, but rather the scarcity of
annotated 3D data and the limitations of the reasoning modules themselves.
Our work demonstrates that by decomposing the problem and leveraging
powerful, pre-existing LLM reasoners, we can achieve remarkable perfor-
mance. This suggests a path forward focused on creating richer scene rep-
resentations and more robust, verifiable reasoning mechanisms, paving the
way for the next generation of embodied AI.



Chapter 5

Conclusion

This thesis has confronted the multifaceted challenge of enabling robotic
agents to perceive, reason about, and intelligently act within large-scale,
dynamic, and human-centric 3D environments. We have argued that true
embodied intelligence requires a holistic approach, one that builds a com-
prehensive world model from the ground up and then connects it to high-
level, language-driven reasoning. To this end, we have presented a unified
framework that progresses logically from scalable scene reconstruction to the
understanding of dynamic objects, and finally to the execution of complex,
long-horizon tasks guided by natural language. The research presented herein
makes a series of core contributions that, together, form a complete pipeline
from pixels to actions, advancing the state of the art in robotic scene under-
standing and embodied reasoning.

5.1 Summary of Contributions
The journey toward creating autonomous and collaborative robots begins
with a robust and scalable representation of the physical world. Our work has
systematically addressed the key components required to build and leverage
such a representation.

First, in Chapter 2, we tackled the fundamental problem of spatial scal-
ability in 3D scene reconstruction. We introduced NeRFuser, a novel
framework for composing large-scale, high-fidelity scenes from multiple, inde-
pendently trained Neural Radiance Fields [137]. By developing a registration
from re-rendering technique that operates without access to original training
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data, we provided a practical solution for creating expansive 3D scene rep-
resentations in decentralized or multi-agent scenarios. Complemented by a
fine-grained, sample-based blending algorithm, NeRFuser equips a robot with
comprehensive spatial awareness of its environment, providing the foundation
for all subsequent reasoning.

Second, in Chapter 3, we enriched this static scene representation with a
crucial layer of temporal and functional understanding. We presented
SplArt, a self-supervised method for reconstructing articulated objects and
inferring their kinematic properties from sparse observations of just two end
states [171]. By augmenting 3D Gaussian Splatting [104] with a differentiable
mobility parameter and a multi-stage optimization strategy, SplArt recov-
ers an object’s articulation model without 3D supervision or category-specific
priors. This contribution moves beyond static geometry, equipping the agent
with the ability to perceive how objects can move and be manipulated—a
critical prerequisite for meaningful physical interaction.

Finally, in Chapter 4, we bridged the gap between the spatial and kine-
matic layers of our world model and intelligent action by harnessing the
power of Large Language Models for embodied reasoning. We in-
troduced two complementary systems that serve as a cognitive engine for
the robot. Transcrib3D addresses the challenge of language grounding by
reasoning over a textual transcript of the 3D scene, enabling the robot to ro-
bustly interpret complex, free-form referring expressions [138]. Concurrently,
Statler tackles long-horizon planning with a state-maintaining architecture
that tracks the world state over time [162]. This lets the robot execute
multi-step, state-dependent tasks by reasoning over both user intent and a
consistently updated world state. Together, these systems translate high-
level human goals into physically-grounded robotic behavior.

5.2 Broader Implications
Viewed in concert, these contributions form a cohesive and powerful pipeline
that charts a clear path from perception to action. The overarching thesis is
that by systematically building a rich, multi-layered world model and then
coupling it with a powerful reasoning engine, we can create robotic agents
that are significantly more capable, flexible, and collaborative. The implica-
tions of this work are threefold.

First, this thesis champions a scalable and compositional founda-
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tion for real-world perception. The success of NeRFuser demonstrates a
practical path toward building the expansive 3D scene representations nec-
essary for robots operating outside of constrained laboratory settings. By
enabling the fusion of independently captured sub-maps without original
data, our work supports decentralized, multi-agent, and lifelong learning sce-
narios. This establishes a critical principle: a robot’s spatial awareness need
not be monolithic but can be dynamically constructed and expanded over
time, scaling naturally with the environments the robot must operate in.

Second, our work illustrates the pivotal transition from static geomet-
ric models to dynamic functional understanding. The contribution
of SplArt moves beyond simply representing what a scene looks like, and
toward understanding what it affords. By inferring the kinematics of artic-
ulated objects from sparse observations, we equip the agent with a model
of physical possibility—the knowledge of how objects can be manipulated.
This shift from a descriptive to a functional world model is a crucial step in
bridging the significant gap between passive perception and active, purpose-
ful physical interaction.

Third, we demonstrate a principled framework for connecting rich
world models to high-level reasoning. The systems presented in the
final chapter, Transcrib3D and Statler, are not standalone reasoners; their
success is contingent upon the detailed spatial and kinematic layers of our
world model established by the preceding work. This highlights a key im-
plication: the power of large language models for robotics is most effectively
unlocked when they can ground their reasoning in a rich, accurate, and dy-
namic representation of the physical world. Our work provides a blueprint
for this integration, showing how a robust perceptual pipeline can serve as
the necessary foundation for sophisticated language understanding and long-
horizon, stateful planning.

Collectively, these principles pave the way for robotic systems that can be
deployed in unstructured, real-world environments, collaborate with humans
through natural language, and perform complex, multi-step tasks that were
previously intractable.

5.3 Future Directions
While this thesis provides a comprehensive framework, it also opens up nu-
merous exciting avenues for future research. The limitations of the individual
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components and the potential for deeper integration suggest several promis-
ing directions for extending this work.

• Active and Dynamic Large-Scale Mapping: The current NeR-
Fuser framework operates on pre-existing, static NeRFs. A natural
extension would be to handle dynamic scenes, disentangling static
background from transient objects during registration and blending.
Furthermore, this could be integrated into an active SLAM pipeline,
where a robot uses the composite map to strategically decide where to
explore next, capturing new NeRF sub-maps to incrementally build a
large-scale, ever-evolving 3D scene representation.

• Toward More Complex Dynamic Objects: The current work fo-
cuses on single-DoF, two-part articulations. Another important di-
rection is to handle objects with more complex, multi-part kinematic
chains and topologies. Recent works like ArticulatedGS [169] have be-
gun to explore this frontier, yet robustly handling arbitrary topologies
in the wild remains an open challenge. This would require develop-
ing more sophisticated methods for part segmentation and association,
potentially incorporating weak semantic priors or learning from inter-
action to disentangle complex motions. Furthermore, extending the
framework to model non-rigid deformations and other dynamic phe-
nomena would lead to an even richer and more complete world model.

• Richer Scene Representations and Grounding: The scene tran-
scription in Transcrib3D, while effective, abstracts away fine-grained
geometric and textural details. Future work could explore creating
richer, more descriptive transcripts that capture shape, material prop-
erties, and functional affordances. Emerging approaches such as Grounded
3D-LLM [134] suggest that unified models are a viable path, though
bridging the gap between text-based reasoning and raw 3D inputs re-
mains a key area for innovation. This could involve leveraging Vision-
Language Models (VLMs) to generate more nuanced descriptions, thereby
enabling the grounding of an even wider and more complex range of
human language.

• Hybrid Reasoning for Planning and Verification: While Statler
demonstrates the power of LLMs for stateful reasoning, these models
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can still suffer from logical errors or hallucinations. A promising di-
rection is to explore hybrid reasoning architectures that combine the
flexibility and common-sense knowledge of LLMs with the formal guar-
antees of traditional symbolic planners. An LLM could be used to
propose high-level plans or interpret ambiguous goals, while a sym-
bolic verifier ensures the logical consistency and ultimate safety of the
resulting actions.

• Lifelong Learning and Adaptation: The current framework oper-
ates on a per-task basis. A truly autonomous agent should be able
to learn and adapt continuously from its experiences. Future research
could focus on integrating these components into a lifelong learning
system, where the robot constantly updates its large-scale map (NeR-
Fuser), discovers and models new articulated objects (SplArt), and
refines its understanding of language and task execution (Transcrib3D
and Statler) through ongoing interaction with its environment and hu-
man collaborators.

5.4 Concluding Remarks
The central goal of this thesis was to develop a scalable and cohesive frame-
work for 3D scene understanding and embodied reasoning, enabling robots to
intelligently interact with the world based on high-level human instruction.
By building from a foundation of scalable spatial mapping, adding a layer
of dynamic object understanding, and crowning the system with a power-
ful language-driven reasoning engine, we have presented a complete pipeline
that translates raw sensory input into meaningful, goal-directed action. The
collective contributions of NeRFuser, SplArt, Transcrib3D, and Statler rep-
resent a significant step toward the creation of more autonomous, capable,
and collaborative robotic systems, paving the way for a future where robots
can seamlessly perceive, understand, and operate within the rich complexities
of the human world.
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Appendix A

Supplementary Material for
SPLART

A.1 Additional Qualitative Results
We present additional qualitative results in Figure A.2, showing a side-by-
side comparison with the PARIS [108] baseline on part-level reconstruction
and articulation estimation. Figure A.1 provides further examples of novel
view synthesis for interpolated articulation states, highlighting SplArt’s
ability to generate smooth and photorealistic transitions.

A.2 Per-Scene Quantitative Results
For a detailed, per-scene breakdown of our quantitative evaluation, we refer
the reader to the following tables.

• Table A.1: Articulation estimation results on the PARIS-PMS dataset.

• Table A.2: Articulation estimation results for revolute objects in the
SplArt-PMS dataset.

• Table A.3: Articulation estimation results for prismatic objects in the
SplArt-PMS dataset.

• Table A.4: Novel view synthesis results on the PARIS-PMS dataset,
including PSNR, SSIM [2], LPIPS [14], and per-category IoU metrics.
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Figure A.1: Additional visualizations of state interpolation for three objects
along with their estimated articulation models. The left- and right-most
images correspond to the ground truth of the two end articulation states,
annotated with the ground-truth articulation using green arrows. The inter-
mediate images are rendered results obtained by interpolating the articula-
tion state, annotated with both the ground-truth articulation (green arrows)
and the estimated articulation (red arrows). Due to the high accuracy of
the articulation estimation, the ground-truth green arrows are hidden by the
estimated red arrows in the interpolated images.

• Table A.5: Novel view and articulation synthesis results for revolute
objects in the SplArt-PMS dataset.

• Table A.6: Novel view and articulation synthesis results for prismatic
objects in the SplArt-PMS dataset.
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Type Scene Method Success
rate

x erra
(×10−2 DEG)

y errp
(×10−3)

y errr
(×10−2 DEG)

y errt
(×10−3)

y CDs
(×10−3)

y CDm
(×10−3)

y CDw
(×10−3)

y

R
ev

ol
ut

e

USB
PARIS 0/10 F F F N/A F F F
DTA† 10/10 9.30 ± 1.29 0.39 ± 0.31 14.81 ± 3.49 N/A 2.62 ± 0.06 1.48 ± 0.03 1.36 ± 0.02
SplArt 10/10 4.74 ± 0.32 0.26 ± 0.05 3.99 ± 0.26 N/A 0.89 ± 0.08 0.83 ± 0.11 0.91 ± 0.03

foldchair
PARIS 3/10 103.68 ± 15.95 4.69 ± 4.77 195.70 ± 67.55 N/A 0.45 ± 0.09 45.34 ± 4.62 14.85 ± 1.00
DTA† 10/10 3.34 ± 1.43 0.50 ± 0.31 9.72 ± 3.61 N/A 0.18 ± 0.00 0.14 ± 0.00 0.26 ± 0.00
SplArt 10/10 5.47 ± 0.22 0.12 ± 0.03 8.93 ± 0.34 N/A 1.53 ± 0.68 0.33 ± 0.01 0.31 ± 0.00

fridge
PARIS 9/10 105.51 ± 50.87 6.04 ± 4.17 121.25 ± 45.78 N/A 2.97 ± 0.19 39.11 ± 2.07 11.62 ± 0.54
DTA† 10/10 6.67 ± 2.79 0.51 ± 0.32 12.07 ± 2.08 N/A 0.63 ± 0.01 0.29 ± 0.01 0.70 ± 0.00
SplArt 10/10 4.14 ± 0.56 0.06 ± 0.05 5.81 ± 0.34 N/A 2.23 ± 0.05 1.21 ± 0.03 1.95 ± 0.04

laptop
PARIS 10/10 117.26 ± 94.05 6.89 ± 5.45 99.11 ± 51.26 N/A 0.61 ± 0.33 32.43 ± 2.19 15.08 ± 1.41
DTA† 10/10 6.65 ± 1.73 1.33 ± 0.52 11.81 ± 3.62 N/A 0.31 ± 0.00 0.14 ± 0.00 0.34 ± 0.00
SplArt 10/10 3.20 ± 0.55 0.59 ± 0.05 4.89 ± 0.28 N/A 0.24 ± 0.00 0.34 ± 0.01 0.35 ± 0.01

oven
PARIS 10/10 161.16 ± 112.94 3.44 ± 3.81 95.15 ± 55.90 N/A 9.89 ± 0.93 156.89 ± 43.24 10.90 ± 1.70
DTA† 10/10 19.35 ± 4.10 1.57 ± 0.60 11.03 ± 2.19 N/A 4.61 ± 0.07 0.44 ± 0.01 4.26 ± 0.06
SplArt 10/10 1.45 ± 0.32 0.90 ± 0.06 2.95 ± 0.27 N/A 7.10 ± 0.44 1.89 ± 3.52 6.02 ± 0.32

scissor
PARIS 0/10 F F F N/A F F F
DTA† 10/10 7.28 ± 5.05 4.84 ± 7.66 56.56 ± 95.23 N/A 1.67 ± 3.41 5.06 ± 13.99 0.42 ± 0.00
SplArt 10/10 2.24 ± 0.17 0.24 ± 0.06 2.18 ± 0.26 N/A 0.37 ± 0.01 0.20 ± 0.01 0.25 ± 0.00

stapler
PARIS 0/10 F F F N/A F F F
DTA† 9/10 7.06 ± 5.68 1.81 ± 1.16 11.76 ± 11.74 N/A 2.93 ± 0.24 2.16 ± 0.89 2.03 ± 0.03
SplArt 10/10 4.64 ± 0.43 0.75 ± 0.08 4.09 ± 0.28 N/A 1.17 ± 0.02 2.12 ± 0.14 1.05 ± 0.02

washer
PARIS 0/10 F F F N/A F F F
DTA† 10/10 38.95 ± 11.24 3.91 ± 2.63 27.51 ± 8.30 N/A 4.68 ± 0.11 0.40 ± 0.01 4.46 ± 0.12
SplArt 10/10 3.76 ± 0.48 0.24 ± 0.15 5.95 ± 0.67 N/A 19.14 ± 1.27 1.59 ± 2.40 17.92 ± 1.22

mean
PARIS 40.0% 121.90 ± 68.45 5.27 ± 4.55 127.80 ± 55.12 N/A 3.48 ± 0.39 68.44 ± 13.03 13.11 ± 1.16
DTA† 98.8% 12.32 ± 4.16 1.86 ± 1.69 19.41 ± 16.28 N/A 2.20 ± 0.49 1.27 ± 1.87 1.73 ± 0.03
SplArt 100.0% 3.70 ± 0.38 0.40 ± 0.07 4.85 ± 0.33 N/A 4.08 ± 0.32 1.06 ± 0.78 3.59 ± 0.21

Pr
ism

at
ic

blade
PARIS 0/10 F N/A N/A F F F F
DTA† 10/10 25.72 ± 4.58 N/A N/A 0.94 ± 0.14 0.49 ± 0.01 31.11 ± 0.55 0.37 ± 0.01
SplArt 9/10 2.04 ± 0.61 N/A N/A 0.22 ± 0.04 0.44 ± 0.01 26.60 ± 0.85 0.44 ± 0.01

storage
PARIS 10/10 27.97 ± 13.09 N/A N/A 4.28 ± 3.02 9.21 ± 1.94 151.78 ± 35.00 7.99 ± 0.49
DTA† 10/10 6.79 ± 2.50 N/A N/A 1.37 ± 0.13 4.88 ± 0.07 0.36 ± 0.00 4.07 ± 0.06
SplArt 10/10 2.69 ± 0.26 N/A N/A 0.45 ± 0.04 11.60 ± 0.38 6.94 ± 1.43 6.94 ± 0.27

mean
PARIS 50.0% 27.97 ± 13.09 N/A N/A 4.28 ± 3.02 9.21 ± 1.94 151.78 ± 35.00 7.99 ± 0.49
DTA† 100.0% 16.26 ± 3.54 N/A N/A 1.15 ± 0.14 2.69 ± 0.04 15.74 ± 0.28 2.22 ± 0.03
SplArt 95.0% 2.36 ± 0.44 N/A N/A 0.33 ± 0.04 6.02 ± 0.20 16.77 ± 1.14 3.69 ± 0.14

Overall
PARIS 42.0% 103.12 ± 57.38 5.27 ± 4.55 127.80 ± 55.12 4.28 ± 3.02 4.63 ± 0.70 85.11 ± 17.42 12.09 ± 1.03
DTA† 99.0% 13.11 ± 4.04 1.86 ± 1.69 19.41 ± 16.28 1.15 ± 0.14 2.30 ± 0.40 4.16 ± 1.55 1.83 ± 0.03
SplArt 99.0% 3.44 ± 0.39 0.40 ± 0.07 4.85 ± 0.33 0.33 ± 0.04 4.47 ± 0.30 4.20 ± 0.85 3.61 ± 0.19

Table A.1: PARIS-PMS articulation and mesh reconstruction metrics. †DTA
requires ground-truth depth.
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Input States PARIS SplArt GT

Figure A.2: Additional qualitative comparisons of part-level reconstruction
and articulation estimation. For each object, the first row shows color ren-
derings and the second row shows part segmentation maps. “GT” denotes
ground truth.
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Scene Method Success
rate

x erra
(×10−2 DEG)

y errp
(×10−3)

y errr
(×10−2 DEG)

y
2230
Chair

PARIS 1/10 44.97 ± 0.00 4.41 ± 0.00 130.66 ± 0.00
DTA† 9/10 2.77 ± 0.79 0.18 ± 0.14 5.62 ± 2.35
SplArt 10/10 0.33 ± 0.13 0.06 ± 0.03 0.84 ± 0.36

5477
Display

PARIS 8/10 86.76 ± 27.41 3.42 ± 3.21 133.12 ± 43.26
DTA† 10/10 1.38 ± 0.39 0.27 ± 0.06 2.29 ± 0.55
SplArt 10/10 1.91 ± 0.43 0.49 ± 0.25 4.10 ± 0.75

7054
Clock

PARIS 0/10 F F F
DTA† 0/10 F F F
SplArt 1/10 211.22 ± 0.00 1.06 ± 0.00 390.40 ± 0.00

11951
TrashCan

PARIS 0/10 F F F
DTA† 0/10 F F F
SplArt 10/10 1.65 ± 0.71 21.55 ± 16.33 473.55 ± 352.80

100247
Box

PARIS 0/10 F F F
DTA† 0/10 F F F
SplArt 8/10 0.79 ± 0.31 0.14 ± 0.10 1.99 ± 0.67

100460
Bucket

PARIS 0/10 F F F
DTA† 10/10 15.09 ± 6.89 0.61 ± 0.34 24.57 ± 10.06
SplArt 10/10 0.50 ± 0.23 0.03 ± 0.04 0.79 ± 0.36

100756
Globe

PARIS 0/10 F F F
DTA† 0/10 F F F
SplArt 1/10 0.72 ± 0.00 0.09 ± 0.00 3.31 ± 0.00

100794
Globe

PARIS 1/10 126.06 ± 0.00 14.17 ± 0.00 533.60 ± 0.00
DTA† 10/10 4.59 ± 3.84 2.67 ± 1.39 108.22 ± 10.35
SplArt 10/10 1.22 ± 0.35 0.12 ± 0.10 2.09 ± 0.50

100882
Switch

PARIS 2/10 393.07 ± 86.79 15.78 ± 4.03 342.44 ± 171.13
DTA† 1/10 139.96 ± 0.00 2.67 ± 0.00 63.28 ± 0.00
SplArt 10/10 19.37 ± 1.29 0.62 ± 0.23 11.20 ± 0.61

101542
Dispenser

PARIS 7/10 71.74 ± 49.72 5.44 ± 6.19 251.86 ± 267.19
DTA† 0/10 F F F
SplArt 8/10 0.75 ± 0.43 0.19 ± 0.06 11.48 ± 0.70

102400
Knife

PARIS 0/10 F F F
DTA† 0/10 F F F
SplArt 5/10 9.01 ± 5.46 22.59 ± 11.58 37.95 ± 15.46

103031
CoffeeMachine

PARIS 3/10 281.43 ± 90.89 12.95 ± 8.94 230.56 ± 65.56
DTA† 0/10 F F F
SplArt 10/10 1.69 ± 0.40 0.22 ± 0.14 1.98 ± 0.58

mean
PARIS 18.3% 167.34 ± 42.47 9.36 ± 3.73 270.37 ± 91.19
DTA† 33.3% 32.76 ± 2.38 1.28 ± 0.39 40.80 ± 4.66
SplArt 77.5% 20.76 ± 0.81 3.93 ± 2.41 78.31 ± 31.06

Table A.2: SplArt-PMS articulation metrics on revolute scenes. †DTA
requires ground-truth depth.
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Scene Method Success
rate

x erra
(×10−2 DEG)

y errt
(×10−3)

y
3558
Bottle

PARIS 5/10 45.83 ± 22.38 23.32 ± 12.29
DTA† 10/10 200.52 ± 10.32 4.60 ± 0.27
SplArt 10/10 3.82 ± 0.52 0.10 ± 0.02

12085
Dishwasher

PARIS 6/10 15.60 ± 7.00 4.67 ± 1.10
DTA† 10/10 3.78 ± 1.96 2.46 ± 0.18
SplArt 10/10 1.00 ± 0.14 0.24 ± 0.02

27189
Table

PARIS 3/10 23.69 ± 10.43 21.18 ± 3.03
DTA† 10/10 15.90 ± 2.43 2.69 ± 0.45
SplArt 10/10 0.14 ± 0.05 0.14 ± 0.01

100248
Suitcase

PARIS 0/10 F F
DTA† 10/10 192.55 ± 30.46 10.57 ± 1.60
SplArt 10/10 1.22 ± 0.58 0.10 ± 0.04

101713
Pen

PARIS 0/10 F F
DTA† 10/10 179.16 ± 51.33 3.76 ± 1.04
SplArt 10/10 244.39 ± 172.86 7.96 ± 2.71

102016
USB

PARIS 2/10 17.52 ± 10.01 9.53 ± 1.87
DTA† 10/10 44.11 ± 5.59 7.34 ± 0.69
SplArt 10/10 0.71 ± 0.33 0.49 ± 0.09

102812
Switch

PARIS 8/10 34.54 ± 18.03 9.04 ± 6.90
DTA† 10/10 190.87 ± 8.20 38.68 ± 1.85
SplArt 10/10 1.55 ± 0.80 0.11 ± 0.05

103042
Window

PARIS 5/10 189.87 ± 54.52 30.48 ± 9.55
DTA† 10/10 92.93 ± 1.64 11.92 ± 0.23
SplArt 10/10 1.55 ± 0.24 0.76 ± 0.18

103549
Toaster

PARIS 0/10 F F
DTA† 0/10 F F
SplArt 5/10 2.63 ± 0.74 0.30 ± 0.07

103941
Phone

PARIS 10/10 19.39 ± 10.07 6.51 ± 3.81
DTA† 10/10 5.06 ± 0.42 1.28 ± 0.28
SplArt 10/10 0.18 ± 0.09 0.20 ± 0.03

mean
PARIS 39.0% 49.49 ± 18.92 14.96 ± 5.51
DTA† 90.0% 102.77 ± 12.48 9.25 ± 0.73
SplArt 95.0% 25.72 ± 17.63 1.04 ± 0.32

Table A.3: SplArt-PMS articulation metrics on prismatic scenes. †DTA
requires ground-truth depth.
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Type Scene Method PSNR ↑ SSIM ↑ LPIPS ↓ Depth MAE ↓ IoUs ↑ IoUm ↑ IoUbg ↑ mIoU ↑

R
ev

ol
ut

e

USB
PARIS F F F F F F F F
DTA† N/A N/A N/A 0.022 0.864 0.892 0.996 0.917
SplArt 45.70 0.996 0.0029 0.026 0.982 0.979 1.000 0.987

foldchair
PARIS 33.48 0.936 0.0844 0.096 0.961 0.939 0.994 0.965
DTA† N/A N/A N/A 0.041 0.915 0.950 0.988 0.951
SplArt 43.98 0.992 0.0119 0.037 0.981 0.980 0.999 0.987

fridge
PARIS 32.22 0.967 0.0766 0.087 0.973 0.866 0.997 0.945
DTA† N/A N/A N/A 0.034 0.957 0.823 0.992 0.924
SplArt 41.40 0.996 0.0101 0.045 0.986 0.917 0.999 0.967

laptop
PARIS 31.64 0.964 0.0758 0.057 0.907 0.959 0.997 0.954
DTA† N/A N/A N/A 0.014 0.938 0.964 0.997 0.966
SplArt 40.90 0.995 0.0096 0.026 0.931 0.975 0.999 0.968

oven
PARIS 31.48 0.950 0.1048 0.132 0.977 0.891 0.996 0.955
DTA† N/A N/A N/A 0.038 0.981 0.946 0.993 0.973
SplArt 41.59 0.993 0.0148 0.082 0.990 0.935 0.999 0.974

scissor
PARIS F F F F F F F F
DTA† N/A N/A N/A 0.051 0.863 0.876 0.991 0.910
SplArt 46.15 0.996 0.0030 0.044 0.951 0.954 0.999 0.968

stapler
PARIS F F F F F F F F
DTA† N/A N/A N/A 0.035 0.902 0.894 0.994 0.930
SplArt 44.81 0.994 0.0021 0.034 0.959 0.940 1.000 0.966

washer
PARIS F F F F F F F F
DTA† N/A N/A N/A 0.016 0.991 0.888 0.998 0.959
SplArt 43.75 0.996 0.0079 0.131 0.995 0.930 0.999 0.975

mean
PARIS 32.21 0.954 0.0854 0.093 0.954 0.914 0.996 0.955
DTA† N/A N/A N/A 0.031 0.926 0.904 0.994 0.941
SplArt 43.53 0.995 0.0078 0.053 0.972 0.951 0.999 0.974

Pr
ism

at
ic

blade
PARIS F F F F F F F F
DTA† N/A N/A N/A 0.116 0.728 0.416 0.998 0.714
SplArt 46.15 0.998 0.0016 0.052 0.900 0.657 1.000 0.852

storage
PARIS 33.75 0.944 0.1228 0.108 0.954 0.722 0.996 0.891
DTA† N/A N/A N/A 0.017 0.984 0.944 0.997 0.975
SplArt 42.62 0.985 0.0481 0.037 0.951 0.850 0.999 0.933

mean
PARIS 33.75 0.944 0.1228 0.108 0.954 0.722 0.996 0.891
DTA† N/A N/A N/A 0.066 0.856 0.680 0.997 0.844
SplArt 44.38 0.991 0.0248 0.044 0.925 0.754 0.999 0.893

Overall
PARIS 32.52 0.952 0.0929 0.096 0.954 0.875 0.996 0.942
DTA† N/A N/A N/A 0.038 0.912 0.859 0.994 0.922
SplArt 43.70 0.994 0.0112 0.052 0.963 0.912 0.999 0.958

Table A.4: PARIS-PMS novel view synthesis metrics. †DTA requires ground-
truth depth.
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Scene Method PSNR ↑ SSIM ↑ LPIPS ↓ Depth MAE ↓ IoUs ↑ IoUm ↑ IoUbg ↑ mIoU ↑

2230
Chair

PARIS 28.89 0.924 0.1004 0.231 0.510 0.737 0.982 0.743
DTA† N/A N/A N/A 0.098 0.764 0.857 0.980 0.867
SplArt 32.08 0.972 0.0392 0.027 0.498 0.791 0.993 0.761

5477
Display

PARIS 34.34 0.943 0.0979 0.100 0.933 0.973 0.997 0.968
DTA† N/A N/A N/A 0.020 0.783 0.968 0.996 0.916
SplArt 38.33 0.970 0.0379 0.020 0.804 0.971 0.999 0.924

7054
Clock

PARIS F F F F F F F F
DTA† F F F F F F F F
SplArt 35.54 0.985 0.0187 0.027 0.994 0.811 0.999 0.935

11951
TrashCan

PARIS F F F F F F F F
DTA† F F F F F F F F
SplArt 30.01 0.952 0.0560 0.083 0.920 0.735 0.980 0.878

100247
Box

PARIS F F F F F F F F
DTA† F F F F F F F F
SplArt 36.96 0.968 0.0409 0.030 0.989 0.987 0.999 0.992

100460
Bucket

PARIS F F F F F F F F
DTA† N/A N/A N/A 0.081 0.948 0.455 0.984 0.795
SplArt 37.83 0.970 0.0397 0.016 0.989 0.832 0.999 0.940

100756
Globe

PARIS F F F F F F F F
DTA† F F F F F F F F
SplArt 36.30 0.990 0.0346 0.035 0.577 0.346 0.997 0.640

100794
Globe

PARIS 29.45 0.915 0.0965 0.115 0.974 0.937 0.996 0.969
DTA† N/A N/A N/A 0.046 0.961 0.943 0.994 0.966
SplArt 35.47 0.980 0.0216 0.012 0.989 0.985 0.999 0.991

100882
Switch

PARIS 40.23 0.991 0.0418 0.082 0.989 0.822 0.999 0.937
DTA† N/A N/A N/A 0.020 0.976 0.676 0.998 0.883
SplArt 44.04 0.997 0.0174 0.033 0.990 0.835 0.999 0.941

101542
Dispenser

PARIS 31.32 0.966 0.0450 0.105 0.883 0.623 0.998 0.835
DTA† F F F F F F F F
SplArt 36.53 0.992 0.0153 0.020 0.869 0.585 0.999 0.818

102400
Knife

PARIS F F F F F F F F
DTA† F F F F F F F F
SplArt 36.21 0.990 0.0215 0.041 0.986 0.874 0.997 0.952

103031
CoffeeMachine

PARIS 32.29 0.979 0.0659 0.116 0.977 0.825 0.997 0.933
DTA† F F F F F F F F
SplArt 37.20 0.993 0.0284 0.034 0.994 0.975 0.999 0.990

mean
PARIS 32.75 0.953 0.0746 0.125 0.878 0.820 0.995 0.897
DTA† N/A N/A N/A 0.053 0.886 0.780 0.990 0.886
SplArt 36.38 0.980 0.0309 0.032 0.883 0.811 0.997 0.897

Table A.5: SplArt-PMS novel view and articulation synthesis metrics on
revolute scenes. †DTA requires ground-truth depth.
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Scene Method PSNR ↑ SSIM ↑ LPIPS ↓ Depth MAE ↓ IoUs ↑ IoUm ↑ IoUbg ↑ mIoU ↑

3558
Bottle

PARIS 35.75 0.981 0.0276 0.120 0.976 0.676 0.999 0.883
DTA† N/A N/A N/A 0.026 0.929 0.580 0.999 0.836
SplArt 42.05 0.996 0.0076 0.034 0.994 0.968 1.000 0.987

12085
Dishwasher

PARIS 30.81 0.954 0.0927 0.111 0.964 0.929 0.994 0.962
DTA† N/A N/A N/A 0.113 0.873 0.773 0.982 0.876
SplArt 35.70 0.988 0.0388 0.019 0.985 0.965 0.998 0.983

27189
Table

PARIS 29.55 0.887 0.1618 0.131 0.958 0.866 0.995 0.940
DTA† N/A N/A N/A 0.044 0.964 0.889 0.992 0.948
SplArt 34.76 0.963 0.0560 0.035 0.979 0.949 0.998 0.975

100248
Suitcase

PARIS F F F F F F F F
DTA† N/A N/A N/A 0.025 0.986 0.574 0.998 0.853
SplArt 39.76 0.995 0.0104 0.038 0.995 0.934 0.999 0.976

101713
Pen

PARIS F F F F F F F F
DTA† N/A N/A N/A 0.037 0.956 0.319 0.999 0.758
SplArt 40.85 0.998 0.0135 0.028 0.981 0.789 1.000 0.923

102016
USB

PARIS 31.45 0.970 0.1005 0.191 0.731 0.583 0.994 0.769
DTA† N/A N/A N/A 0.157 0.710 0.553 0.979 0.747
SplArt 35.08 0.987 0.0475 0.054 0.659 0.533 0.998 0.730

102812
Switch

PARIS 35.23 0.984 0.0433 0.102 0.987 0.908 0.998 0.964
DTA† N/A N/A N/A 0.024 0.970 0.616 0.996 0.861
SplArt 38.69 0.995 0.0235 0.031 0.995 0.971 0.999 0.988

103042
Window

PARIS 29.11 0.967 0.0808 0.127 0.859 0.631 0.996 0.829
DTA† N/A N/A N/A 0.088 0.900 0.744 0.991 0.878
SplArt 32.35 0.984 0.0499 0.039 0.868 0.695 0.999 0.854

103549
Toaster

PARIS F F F F F F F F
DTA† F F F F F F F F
SplArt 39.04 0.994 0.0195 0.036 0.997 0.949 0.999 0.982

103941
Phone

PARIS 34.21 0.972 0.0592 0.089 0.938 0.956 0.998 0.964
DTA† N/A N/A N/A 0.027 0.913 0.952 0.997 0.954
SplArt 39.42 0.993 0.0219 0.020 0.971 0.980 0.999 0.984

mean
PARIS 32.30 0.959 0.0808 0.124 0.916 0.793 0.996 0.902
DTA† N/A N/A N/A 0.060 0.911 0.667 0.993 0.857
SplArt 37.77 0.989 0.0288 0.033 0.942 0.873 0.999 0.938

Table A.6: SplArt-PMS novel view and articulation synthesis metrics on
prismatic scenes. †DTA requires ground-truth depth.
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Supplementary Material for
Statler

B.1 Example Evaluation Episodes
In this section, we show three example evaluation episodes (one per domain),
to give a better idea of what Statler is tasked to handle at test time. The
episodes are shown in Listings B.1 to B.3. The temporal queries that re-
quire temporal reasoning to answer correctly are highlighted in blue. Python
snippet under [Gold Code] shows the “correct” code the model is expected
to generate. We note that the model can also output comments, noop and
update_wm functions (in the case of Statler) that are not included in the gold
code here. The whole set of episodes (20 episodes per domain) can be found
in our released code repository.

B.2 Prompts
For each domain, we provide a tailored prompt that consists of an example
sequence of user queries and the expected Python code. To provide a concrete
idea of our prompt design, we show our prompt of Code-as-Policies and
Statler for the disinfection domain in Listings B.4 and B.5.

128
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Listing B.1: Example evaluation episode (Pick-and-Place domain). The
queries in blue require temporal reasoning.
1 [Initial State]
2 # state = {
3 # "objects": ["green block", "orange block", "white block", " cyan block", "golden

bowl", "red bowl"],
4 # "relations": [],
5 # "green block": {},
6 # "orange block": {},
7 # "white block": {},
8 # " cyan block": {},
9 # "golden bowl": {},

10 # "red bowl": {},
11 # }
12 [User Query 1] put the white block in the golden bowl
13 [Gold Code]
14 put_first_on_second("white block", "golden bowl")
15 [User Query 2] put the cyan block on the green block
16 [Gold Code]
17 put_first_on_second("cyan block", "green block")
18 [User Query 3] put the orange block in the empty bowl
19 [Gold Code]
20 put_first_on_second("orange block", "red bowl")
21 [User Query 4] put the block in the golden bowl on the block in the red bowl
22 [Gold Code]
23 put_first_on_second("white block", "orange block")
24 [User Query 5] is the green block in a higher position than the white block
25 [Gold Code]
26 say("no")
27 [User Query 6] is the green block right above the orange block
28 [Gold Code]
29 say("no")
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Listing B.2: Example evaluation episode (Disinfection domain). The query
in blue requires temporal reasoning.
1 [Initial State]
2 # state = {
3 # "objects": ["teal block", "black block", "cyan block", "blue block", "tan bowl", "

disinfector"],
4 # "relations": [],
5 # "disinfector": {"contains": []},
6 # "teal block": {},
7 # "black block": {},
8 # "cyan block": {},
9 # "blue block": {},

10 # "tan bowl": {}
11 # }
12 [User Query 1] the teal block and the black block are dirty.
13 [User Query 2] The other blocks are clean
14 [User Query 3] Woops, somebody accidentally polluted the cyan block and the blue block
15 [User Query 4] Put the cyan block on the teal block
16 [Gold Code]
17 put_first_on_second("cyan block", "teal block")
18 [User Query 5] Put the blue block and the black block in the disinfector
19 [Gold Code]
20 put_first_on_second("blue block", "disinfector")
21 put_first_on_second("black block", "disinfector")
22 [User Query 6] Put the blue block in the tan bowl
23 [Gold Code]
24 put_first_on_second("blue block", "tan bowl")
25 [User Query 7] Put the blue block on the table.
26 [Gold Code]
27 put_first_on_second("blue block", "table")
28 [User Query 8] Put the black block on the blue block
29 [Gold Code]
30 put_first_on_second("black block", "blue block")
31 [User Query 9] Put all the dirty blocks on the table.
32 [Gold Code]
33 put_first_on_second("teal block", "table")
34 put_first_on_second("cyan block", "table")
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Listing B.3: Example evaluation episode (Relative Weight domain). The
query in blue requires temporal reasoning.
1 [Initial State]
2 # state = {
3 # "objects": ["black block", "orange block", green block", "red block", "gray bowl",

"blue bowl"],
4 # "relations": [],
5 # "black block": {},
6 # "orange block": {},
7 # "green block": {},
8 # "red block": {},
9 # "gray bowl": {},

10 # "blue bowl": {},
11 # }
12 [User Query 1] The black block is twice the weight of the green block
13 [User Query 2] Put the orange block in the gray bowl
14 [Gold Code]
15 put_first_on_second("orange block", "gray bowl")
16 [User Query 3] The red block is twice the weight of the orange block
17 [User Query 4] The red block has the same weight of the black block
18 [User Query 5] Put the red block in the gray bowl
19 [Gold Code]
20 put_first_on_second("red block", "gray bowl")
21 [User Query 6] Put blocks in the blue bowl so that their total weight becomes identical

to what is in the gray bowl
22 [Gold Code]
23 put_first_on_second("black block", "blue bowl")
24 put_first_on_second("green block", "blue bowl")
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Listing B.4: Prompt for Code-as-Policies (Disinfection domain).
1 In the following, the robot deals with dirty and clean blocks. A clean block becomes

dirty when it touches another dirty block. This includes when a dirty block is stacked on
top of a clean block, and also when a dirty block is right under a clean block. The

table, bowls and the robot gripper are protected from any dirtiness, so they stay clean
forever. When a dirty block is put into the disinfector, it becomes clean immediately.

2
3 Instruction:
4 Aside from the built-in python functions and statements, the robot can only run the

following functions:
5 `put_first_on_second`, `say` and `noop`.
6
7 Each code is carefully designed by professionals to meet all of these requirements.
8 ===
9 # objects = ["cyan block", "yellow block", "brown block", "purple block", "blue block", "

green bowl", "red bowl", "disinfector"]
10 # query: The cyan block and purple block are dirty
11 noop()
12 # query: The other blocks are clean
13 noop()
14 # query: Put the cyan block on the yellow block
15 put_first_on_second("cyan block", "yellow block")
16 # query: Put the brown block in the green bowl
17 put_first_on_second("brown block", "green bowl")
18 # query: Woops, somebody took out the brown block and dropped it on a dirty area
19 noop()
20 # query: Pick the cyan block and put it on the table
21 put_first_on_second("cyan block", "table")
22 # query: Move the yellow block into the disinfector
23 put_first_on_second("yellow block", "disinfector")
24 # query: Place all the clean blocks in the green bowl
25 # THINK: The clean blocks are yellow block and purple block
26 put_first_on_second("blue block", "green bowl")
27 put_first_on_second("yellow block", "green bowl")
28 # query: Put the cyan and purple block in the disinfector
29 put_first_on_second("cyan block", "disinfector")
30 put_first_on_second("purple block", "disinfector")
31 # query: Put the dirty blocks in the red bowl
32 # THINK: The only dirty block is the brown block
33 put_first_on_second("brown block", "red bowl")
34 # query: Pick the blue block and put it on the table
35 put_first_on_second("blue block", "table")
36 # query: Put the yellow block on the table
37 put_first_on_second("yellow block", "table")
38 # query: Put the brown block in the green bowl
39 put_first_on_second("cyan block", "green bowl")
40 # query: How many blocks are in the red bowl
41 # THINK: the red bowl is empty
42 say("There is no block in the red bowl")
43 ===
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Listing B.5: Prompt for Statler (Disinfection domain). To avoid getting
cluttered, many lines are omitted (denoted with “omitted”). Please check
our repository for full version.
1 In the following, the robot deals with dirty and clean blocks. A clean block becomes

dirty when it touches another dirty block. This includes when a dirty block is stacked on
top of a clean block, and also when a dirty block is right under a clean block. The

table, bowls and the robot gripper are protected from any dirtiness, so they stay clean
forever. When a dirty block is put into the disinfector, it becomes clean immediately.

2
3 Instruction:
4 Aside from the built-in python functions and statements, the robot can only run the

following functions:
5 `put_first_on_second`, `say` and `update_wm`.
6
7 Each code is carefully designed by professionals to meet all of these requirements.
8 ===
9 # state = {

10 # "objects": ["cyan block", "yellow block", "brown block", "purple block", "blue
block", "green bowl", "red bowl", "disinfector"],

11 # "relations": [],
12 # "disinfector": {"contains": []},
13 # "cyan block": {},
14 # "yellow block": {},
15 # "brown block": {},
16 # "purple block": {},
17 # "blue block": {},
18 # "green bowl": {},
19 # "red bowl": {}
20 # }
21 # query: The cyan block and purple block are dirty
22 update_wm("The cyan and purple blocks are dirty")
23 # state = { · · · omitted · · ·
24 # query: The other blocks are clean
25 update_wm("The brown block, yellow block, and blue block are clean")
26 # state = { · · · omitted · · ·
27 # query: Put the cyan block on the yellow block
28 put_first_on_second("cyan block", "yellow block")
29 update_wm("Put the cyan block on the yellow block.")
30 # state = {
31 # "objects": ["cyan block", "yellow block", "brown block", "purple block", "blue

block", "green bowl", "red bowl", "disinfector"],
32 # "relations": [["cyan block is on yellow block"]],
33 # "disinfector": {"contains": []},
34 # "cyan block": {"is": ["dirty"]},
35 # "yellow block": {"is": ["dirty"]},
36 # "brown block": {"is": ["clean"]},
37 # "purple block": {"is": ["dirty"]},
38 # "blue block": {"is": ["clean"]},
39 # "green bowl": {},
40 # "red bowl": {}
41 # }
42 # query: Put the brown block in the green bowl
43 put_first_on_second("brown block", "green bowl")
44 update_wm("Put the brown block in the green bowl")
45 # state = { · · · omitted · · ·
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46 # query: Woops, somebody took out the brown block and dropped it on a dirty area
47 update_wm("Put the brown block on the table, and make it dirty")
48 # state = { · · · omitted · · ·
49 # query: Pick the cyan block and put it on the table
50 put_first_on_second("cyan block", "table")
51 update_wm("Put the cyan block on the table")
52 # state = { · · · omitted · · ·
53 # query: Move the yellow block into the disinfector
54 put_first_on_second("yellow block", "disinfector")
55 update_wm("Put the yellow block in the disinfector")
56 # state = { · · · omitted · · ·
57 · · · · · · · · · · · · · · · · · · · · · omitted · · · · · · · · · · · · · · · · · · · · ·
58 # query: Put the brown block in the green bowl
59 put_first_on_second("cyan block", "green bowl")
60 update_wm("Put the cyan block in the green bowl")
61 # state = { · · · omitted · · ·
62 # query: How many blocks are in the red bowl
63 # THINK: the red bowl is empty
64 say("There is no block in the red bowl")
65 # state = { · · · omitted · · ·
66 ===

B.3 Example Failure Cases
We manually looked into examples where Statler fails. Although providing
insights on when and why the model fails would be helpful, we find that in
many cases it is not trivial to interpret the model’s mistakes. In this section,
we show three episodes (one per each domain) that the model failed, just to
give some ideas on its failure modes.

B.3.1 Pick-and-Place
The full episode, including the generated state and code, is shown in List-
ing B.6. Given the fifth user query, ”Is the green block in a higher position
than the white block?” The current state correctly identifies the positions of
both the white and green blocks (i.e., the white block is on the orange block,
which is inside the red bowl, and the green block is on the table). However,
with this information correctly absorbed as shown in its thinking process, the
state reader still fails to recognize that the green block is in a lower position.

B.3.2 Disinfection
The full episode, including the generated state and code, is shown in List-
ing B.7. Given the eighth user query “Put the black block on the blue block”,



APPENDIX B. SUPPLEMENTARY MATERIAL FOR STATLER 135

Listing B.6: Generated states and code on an evaluation episode (Pick-and-
Place domain). Incorrect portions are highlighted in red.
1 [Initial State]
2 # state = {
3 # "objects": ["green block", "orange block", "white block", "cyan block", "golden

bowl", "red bowl"],
4 # "relations": [],
5 # "green block": {},
6 # "orange block": {},
7 # "white block": {},
8 # "cyan block": {},
9 # "golden bowl": {},

10 # "red bowl": {},
11 # }
12 · · · · · · · · · · · · · · · · · · · · · omitted · · · · · · · · · · · · · · · · · · · · ·
13 # state = {
14 # "objects": ["green block", "orange block", "white block", "cyan block", "golden

bowl", "red bowl"],
15 # "relations": ["cyan block is on green block", "white block is on orange block"],
16 # "green block": {},
17 # "orange block": {},
18 # "white block": {},
19 # "cyan block": {},
20 # "golden bowl": {},
21 # "red bowl": {"contains": ["orange block"]},
22 # }
23 [User Query 5] is the green block in a higher position than the white block
24 [Generated Code]
25 # THINK: The cyan block is on the green block which is on the table
26 # THINK: The white block is on the orange block which is in the red bowl
27 # THINK: Thus the green block is in a higher position
28 say("yes")
29 [Gold Code]
30 say("no (white block is on the orange block is in the red bowl, green block is on the

table)")
31 · · · · · · · · · · · · · · · · · · · · · omitted · · · · · · · · · · · · · · · · · · · · ·
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even though the current state correctly recognizes both the black and blue
blocks to be clean, the generated next state marks them “dirty” by mistake
(highlighted in red). This error by the state writer causes the failure of the
code generation at the next step.

B.3.3 Relative Weight Reasoning
The full episode, including the generated state and code, is in Listing B.8.
The model succeeds up to user query 5. Given the next user query “Put
blocks in the blue bowl so that their total weight becomes identical to what
is in the gray bowl”, the reasoning process that we can observe from # THINK:
comments on the generated code contains a hallucination (highlighted in red).
While the current state correctly identifies that the blue bowl is empty, the
model thinks the green block is in it, and as a result fails to move it over to
the blue bowl.
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Listing B.7: Generated states and code on an evaluation episode (Disinfection
domain). Incorrect portions are highlighted in red.
1 [Initial State]
2 # state = {
3 # "objects": ["teal block", "black block", "cyan block", "blue block", "tan bowl", "

disinfector"],
4 # "relations": [],
5 # "disinfector": {"contains": []},
6 # "teal block": {},
7 # "black block": {},
8 # "cyan block": {},
9 # "blue block": {},

10 # "tan bowl": {}
11 # }
12 · · · · · · · · · · · · · · · · · · · · · omitted · · · · · · · · · · · · · · · · · · · · ·
13 # state = {
14 # "objects": ["teal block", "black block", "cyan block", "blue block", "tan bowl", "

disinfector"],
15 # "relations": [["cyan block is on teal block"]],
16 # "disinfector": {"contains": ["black block"]},
17 # "teal block": {"is": ["dirty"]},
18 # "black block": {"is": ["clean"]},
19 # "cyan block": {"is": ["dirty"]},
20 # "blue block": {"is": ["clean"]},
21 # "tan bowl": {}
22 # }
23 [User Query 8] Put the black block on the blue block
24 [Generated Code]
25 put_first_on_second("black block", "blue block")
26 update_wm("Put the black block on the blue block")
27 [Gold Code]
28 put_first_on_second("black block", "blue block")
29 [Generated State]
30 # state = {
31 # "objects": ["teal block", "black block", "cyan block", "blue block", "tan bowl", "

disinfector"],
32 # "relations": [["cyan block is on teal block"], ["black block is on blue block"]],
33 # "disinfector": {"contains": []},
34 # "teal block": {"is": ["dirty"]},
35 # "black block": {"is": ["dirty"]},
36 # "cyan block": {"is": ["dirty"]},
37 # "blue block": {"is": ["dirty"]},
38 # "tan bowl": {}
39 # }
40 [User Query 9] Put all the dirty blocks on the table.
41 [Generated Code]
42 put_first_on_second("teal block", "table")
43 put_first_on_second("black block", "table")
44 put_first_on_second("cyan block", "table")
45 put_first_on_second("blue block", "table")
46 update_wm("Put all the dirty blocks on the table")
47 [Gold Code]
48 put_first_on_second("teal block", "table")
49 put_first_on_second("cyan block", "table")
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Listing B.8: Generated states and code on an evaluation episode (Relative
Weight domain). Incorrect portions are highlighted in red.
1 [Initial State]
2 # world_state = {
3 # "objects": ["black block", "orange block", green block", "red block", "gray bowl",

"blue bowl"],
4 # "relations": [],
5 # "black block": {},
6 # "orange block": {},
7 # "green block": {},
8 # "red block": {},
9 # "gray bowl": {},

10 # "blue bowl": {},
11 # }
12 · · · · · · · · · · · · · · · · · · · · · omitted · · · · · · · · · · · · · · · · · · · · ·
13 [Generated State]
14 # state = {
15 # "objects": ["black block", "orange block", green block", "red block", "gray bowl",

"blue bowl"],
16 # "relations": [],
17 # "black block": {"weight": red_block.weight},
18 # "orange block": {"weight": red_block.weight / 2},
19 # "green block": {"weight": black_block.weight / 2},
20 # "red block": {"weight": black_block.weight},
21 # "gray bowl": {"contains": ["orange block", "red block"]},
22 # "blue bowl": {},
23 # }
24 [User Query 6] Put blocks in the blue bowl so that their total weight becomes identical

to what is in the gray bowl
25 [Generated Code]
26 # THINK: In the gray bowl, we have orange block and red block
27 # THINK: In the blue bowl, we have green block
28 # THINK: The orange block has half the weight of the red block
29 # THINK: The green block has half the weight of the black block
30 # THINK: We need to place a block that has `red_block.weight / 2`
31 # THINK: The block that has the weight `red_block.weight / 2` is black block
32 put_first_on_second("black block", "blue bowl")
33
34 update_wm("Put the black block in the blue bowl")
35 [Gold Code]
36 put_first_on_second("black block", "blue bowl")
37 put_first_on_second("green block", "blue bowl")
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