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Abstract

Building Embodied Agents from Pretrained Foundation Models: From Neuro-Symbolic

Composition to Self-Evolving 3D Generation

by

Kaizhi Zheng

Artiőcial intelligence has produced a growing collection of powerful pretrained

foundation models, including large language models, multimodal large language models,

image and video diffusion models, image-to-3D generators, and depth estimators. The

embodied AI community has, in parallel, begun training vision-language-action models

on large-scale robot data. Yet generalist embodied competence spans more than any

single pretrained model is designed to cover: grounding instructions in physical action,

communicating through coherent multimodal content, and constructing 3D worlds.

This dissertation studies how to build embodied systems by composing pretrained

foundation models, rather than training new large-scale embodied systems from scratch.

The central claim is that, for each capability needed by an embodied agent, a strong

pretrained model already exists, and the right interfaces between such models can turn

independently trained components into capable embodied agents. The dissertation

develops four such interfaces: symbolic, learnable token, spatial, and iterative.

Part I examines how pretrained perception and language models can be composed into

embodied reasoning systems. I introduce VLMbench, a compositional benchmark for

vision-and-language manipulation that exposes where current vision-language models

fail to ground compositional instructions in physically constrained motion. I then present

xi



JARVIS, a neuro-symbolic framework that treats pretrained vision and language models

as sensors and binds their outputs through symbolic task-level and action-level reasoning,

enabling agents to complete long-horizon household tasks from free-form dialog.

Part II studies the interface between pretrained multimodal language models and

pretrained image generators. I present MiniGPT-5, which connects them through

generative vokens, a small set of learnable tokens that project language hidden states

directly into the diffusion conditioning space. Both backbones remain frozen, and only

a lightweight interface is trained, enabling description-free interleaved text-and-image

generation.

Part III asks the same composition question for 3D scene construction without any

scene-level training data. SceneFuse-3D composes a pretrained image-to-3D object

generator into a scene generator through region-wise decomposition and spatial-aware

completion, using pretrained depth and detection priors as spatial anchors. EvoScene

then couples pretrained 3D and video generators in a self-evolving 2Dś3D loop, in which

depth-conditioned video synthesis provides novel views that progressively reőne the

underlying mesh.

Together, these contributions outline a methodology for embodied AI grounded in the

composition of pretrained foundation models through deliberately designed interfaces:

symbolic glue in JARVIS, learnable token interfaces in MiniGPT-5, spatial priors in

SceneFuse-3D, and iterative 2Dś3D feedback in EvoScene. The dissertation argues that

the next generation of embodied agents can be built by reusing, rather than rebuilding,

the foundation models the őeld is producing.
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Chapter 1.

Introduction

The past few years have produced a remarkable collection of pretrained foundation

models. Large language models [1], multimodal large language models [2ś4], text-to-

image diffusion models [5], image-to-3D object generators [6ś8], video diffusion models,

and monocular depth estimators each encode substantial knowledge about language,

perception, and the visual world. In parallel, the embodied AI community has begun

training vision-language-action models directly on large-scale robot data. Yet generalist

embodied competence spans more than any single pretrained model is designed to

cover: interpreting human intent, reasoning about physical and semantic constraints,

generating coherent multimodal content, and constructing new 3D worlds. Training

a new monolithic embodied system for each capability is expensive, data-hungry, and

rarely transfers across modalities and domains.

This dissertation studies how to build such embodied systems by composing pretrained

foundation models, rather than training new large-scale embodied systems from scratch.

The motivating observation is that embodied competence is multi-faceted, and for each

facet the őeld has already produced a strong pretrained model. Vision-language-action
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models complement these by providing low-level control, but they typically cover only

one slice of embodied competence and require expensive embodied data to extend.

Across the settings studied in this dissertation, the question is therefore not which

embodied model to train next, but how to compose general pretrained models that already

exist. The central question is:

How can we compose pretrained foundation models, through the right

interfaces, into embodied agents that ground language in action, generate

coherent multimodal content, and construct editable 3D worlds from limited

input?

The contributions develop four families of such interfaces. Symbolic interfaces

(JARVIS) bind pretrained perception and language outputs through task-level and action-

level reasoning. Learnable token interfaces (MiniGPT-5) project language hidden states

into the conditioning space of a pretrained image generator while keeping both backbones

frozen. Spatial interfaces (SceneFuse-3D) compose an object-level 3D generator into a

scene generator through region decomposition and pretrained spatial priors. Iterative

interfaces (EvoScene) close a loop between pretrained 3D and video generators so that

geometry and appearance reőne each other. Across these four interfaces, embodied

capability can be unlocked from foundation models through deliberately designed

composition, without retraining the backbones.

§ 1.1. Why Compose Pretrained Models?

The pretrained models listed above represent an unprecedented amount of knowledge

about how the visual world looks, how language describes it, and how 3D structure

2



§1.1. Why Compose Pretrained Models?

can be inferred from images [1ś6]. For embodied AI, this is both an opportunity and a

challenge.

The opportunity is that many sub-skills required for embodied competence are already

implicit in pretrained models. A pretrained vision-language model can recognize objects

and parse instructions. A pretrained image-to-3D generator can synthesize plausible

geometry from a single view. A pretrained video diffusion model can imagine consistent

appearance across viewpoints. If these capabilities can be combined, the cost of building

embodied agents drops substantially compared to training new embodied models from

scratch on robot-speciőc data, which remains scarce and expensive to collect at the scale

modern pretraining demands.

The challenge is that pretrained models are not designed to be composed. Their

outputs are not aligned with each other. Their training distributions differ. Object-centric

3D generators do not scale to scenes; image diffusion models do not maintain 3D

consistency; language models do not natively emit conditioning features for diffusion.

Composing them therefore requires explicit interface design: deciding what information

ŕows between models, what representations they share, and what is trained on top to

glue them together. The chapters of this dissertation can be read as a sequence of

increasingly lightweight answers to this composition problem, moving from symbolic

glue, to learnable token interfaces, to spatial priors, and őnally to iterative 2Dś3D

feedback loops.

A second message is that composition exposes speciőc gaps in current pretrained

models. Compositional manipulation benchmarks reveal that pretrained vision-language

models still fail to ground language-speciőed object variants in physically constrained

motion. Interleaved generation benchmarks show that connecting a multimodal language
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model to a diffusion model via textual captions loses long-range context. Scene-level 3D

generation shows that object-centric generators collapse without spatial decomposition.

Each őnding sharpens our understanding of which capabilities pretrained models already

provide, and which capabilities the interface must supply.

§ 1.2. Challenges

Composing pretrained vision-language models for embodied manipulation. Language-

guided manipulation requires an agent to map natural language instructions to physically

executable trajectories. Existing manipulation benchmarks often contain őxed task

templates, limited language variation, or task demonstrations that are difficult to scale to

new objects and task compositions [9, 10]. As a result, it is hard to evaluate whether

pretrained vision-language components actually ground compositional instructions in

physically meaningful motion. A useful benchmark must scale across objects, task

types, and language expressions while preserving physically realistic interactions, so

that it can serve as a diagnostic for pretrained vision-language models in compositional

manipulation.

Long-horizon reasoning over the outputs of pretrained perception and language

models. Dialog-based embodied tasks require agents to extract goals from free-form

human communication, build an internal representation of the environment from

egocentric observations, and plan over long action sequences. End-to-end neural policies

often struggle in this setting because the action space is large, training data is limited, and

many failures arise from missing commonsense constraints rather than from low-level

perception alone [11]. The challenge is therefore not to replace pretrained perception
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and language modules, but to design an interface that turns their noisy outputs into a

structured representation amenable to reliable reasoning.

Bridging pretrained language and image generators for interleaved generation.

Large language models are strong at text generation, and diffusion models are strong

at image generation, but combining them into a system that can generate interleaved

text and images remains challenging. Naively chaining a comprehension model with a

text-to-image model through a textual caption compresses dialogue context into a short

prompt and loses long-range coherence. Full-model retraining is expensive and discards

the value of the pretrained backbones. The challenge is to design a narrow, learnable

interface that lets a pretrained language model directly drive a pretrained diffusion model

without retraining either one.

Composing pretrained 3D and video generators for scene-level construction. Gener-

ating 3D worlds from a single image requires recovering information that is not directly

observed. Neural rendering methods such as NeRF and 3D Gaussian Splatting can

represent photorealistic appearance when sufficient views are available [12, 13], but

single-image scene generation must infer geometry, layout, occluded content, and texture

consistency from sparse evidence. Object-centric image-to-3D generators can produce

impressive isolated assets, yet they degrade when applied to complex scenes because

of resolution limits, layout misalignment, and training distribution shift [6ś8]. Video

diffusion models can imagine plausible appearance across viewpoints, but they lack

explicit 3D consistency. The challenge is to design spatial and iterative interfaces that let

object-level 3D priors, video priors, and geometric priors cooperate, without collecting

scene-level 3D training data.
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§ 1.3. Thesis Overview

This dissertation is organized around three parts, each developing a different family of

composition strategies on top of pretrained foundation models.

Part I: Embodied Reasoning and Interaction. The őrst part studies how pretrained

perception and language models can be composed into embodied reasoning systems.

The VLMbench chapter presents a compositional benchmark for vision-and-language

manipulation. By organizing manipulation tasks according to motion constraints and

using object-centric representations to generate scalable, language-grounded demonstra-

tions, VLMbench provides a diagnostic that exposes where pretrained vision-language

components fail to ground compositional instructions in physically constrained motion.

The JARVIS chapter then presents a neuro-symbolic framework for conversational

embodied agents that addresses these failures by symbolic composition. JARVIS uses a

pretrained language model to extract sub-goals from free-form dialog and pretrained

perception modules to maintain a semantic map of the environment. A symbolic reasoning

module then applies task-level and action-level constraints over these structured outputs

to produce executable actions. The chapter argues that pretrained models are most useful

as sensors and planners when their outputs are bound through an explicit symbolic

interface.

Part II: Interleaved Multimodal Generation. The second part introduces a much lighter

interface between pretrained models. The MiniGPT-5 chapter presents a framework

for interleaved vision-and-language generation built on top of a pretrained multimodal

large language model and a pretrained diffusion model. The key idea is the introduction

of generative vokens, a small set of learnable tokens that live in the language model’s
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output space and project into the diffusion model’s conditional space. Combined

with a description-free two-stage training scheme, this lets a comprehension-oriented

multimodal model emit interleaved text-and-image sequences while keeping both

backbones frozen. The chapter argues that generation capability can be added on top of

pretrained components through a narrow, well-supervised token interface rather than

through full-model retraining.

Part III: Generative 3D World Construction. The third part extends the composition

idea to 3D, where multiple pretrained models must cooperate without any scene-level

training data. The SceneFuse-3D chapter presents a training-free framework that

composes a pretrained image-to-3D object generator into a scene generator. The scene

is decomposed into overlapping regions, each region is delegated to the pretrained

object generator, and a masked rectiőed ŕow procedure glues the regions into a globally

coherent scene under pretrained depth and detection priors. This chapter demonstrates

that object-level 3D priors can be reused for scene-level generation through a spatial

interface.

The EvoScene chapter presents a self-evolving framework that closes a loop between

pretrained 3D and video generators. Rather than generating a scene in one pass, EvoScene

cycles between spatial prior initialization, visual-guided 3D mesh generation, and spatial-

guided novel view synthesis. The mesh provides depth-based guidance to a pretrained

video diffusion model, whose synthesized views become new geometric priors for the

next iteration. Together with SceneFuse-3D, this chapter shows that high-ődelity 3D

scene construction can be built by composing 2D and 3D pretrained priors under spatial

and iterative interfaces.
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§ 1.4. Contributions

The main contributions of this dissertation are as follows:

• A composition-based methodology for embodied AI. I argue that capable

embodied agents can be built by composing pretrained foundation models through

deliberately designed interfaces, rather than by training large monolithic embodied

systems. The chapters develop four families of such interfaces: symbolic, learnable

token, spatial, and iterative.

• A compositional benchmark for embodied manipulation. I introduce VLM-

bench, a scalable benchmark for vision-and-language manipulation that organizes

tasks by motion constraints, supports compositional language, and exposes where

pretrained vision-language components fail to ground compositional instructions

in physically constrained motion.

• Symbolic composition of pretrained perception and language models. I

develop JARVIS, a modular neuro-symbolic framework that treats pretrained

language and vision modules as sensors and binds their outputs through task-level

and action-level symbolic reasoning, enabling robust dialog-based long-horizon

embodied task completion.

• Learnable-token composition of pretrained language and diffusion models.

I propose MiniGPT-5, which introduces generative vokens as a small, learnable

interface that projects multimodal language model hidden states directly into

the conditioning space of a pretrained diffusion model, enabling description-free

interleaved text-and-image generation with both backbones frozen.
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• Spatial composition of pretrained 3D priors for scene construction. I present

SceneFuse-3D, a training-free framework that composes a pretrained image-to-3D

object generator into a scene generator through overlapping region decomposition,

pretrained depth and detection priors, and spatial-aware completion under masked

rectiőed ŕow.

• Iterative composition of pretrained 3D and video generators. I introduce

EvoScene, a self-evolving framework that couples pretrained 3D and video

generators in a 2Dś3D feedback loop, where depth-conditioned video synthesis

provides novel views that progressively reőne the underlying mesh.

Together, these contributions outline how the foundation models that the őeld is

producing can be reused, rather than rebuilt, as the substrate for embodied intelligence.

The systems studied here gain interpretability, generalization, and data efficiency precisely

because they decline to collapse perception, generation, and 3D construction into a single

monolithic model, and instead design explicit interfaces for the pretrained models that

already encode much of the needed knowledge.
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Embodied Reasoning and Interaction
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Embodied agents are evaluated not by what they recognize but by what they can do

in response to language. The two chapters in this part approach this problem from

the perspective of composing pretrained models. VLMbench (Chapter 2) builds a

diagnostic that exposes where pretrained vision-language models, when applied directly,

fail to ground compositional instructions in physically constrained motion: it organizes

manipulation tasks around motion constraints rather than őxed task templates, and uses

object-centric representations to scale language-grounded demonstrations across object

types and task compositions. JARVIS (Chapter 3) then asks how a pretrained language

model and pretrained perception modules can be combined into an embodied agent that

operates under free-form dialog, long horizons, and partial observability, by treating them

as sensors and binding their outputs through symbolic task- and action-level reasoning.

Together these chapters argue that the gap between pretrained vision-language under-

standing and embodied competence is closed by structural composition. Compositional

benchmarks expose where direct use of pretrained models collapses under language and

physical variation; neuro-symbolic execution shows how explicit symbolic interfaces over

pretrained perception and language modules recover what end-to-end approaches cannot.

The interfaces developed here form the őrst family of pretrained-model composition

explored in this dissertation, on which the lighter token interfaces of Part II and the

spatial and iterative interfaces of Part III subsequently build.
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Chapter 2.

VLMbench: A Compositional Benchmark for

Vision-and-Language Manipulation

§ 2.1. Introduction

łCan you help me to clean the disks in the sink?" Ð humans communicate with each other

using language to issue tasks and specify the requirements. Although recent progress in

embodied AI pushes intelligent robotic systems to reality closer than at any other time

before, it is still an open question how the agent learns to manipulate objects following

language instructions. Therefore, we introduce the Vision-and-Language Manipulation

(VLM) task, where the agent must follow language instructions to do robotic manipulation.

Recent benchmarks were developed to evaluate robotic manipulation tasks with language

guidance and visual input [9, 14, 15]. However, the collected task demonstrations are

not modular and can hardly scale because they lack (1) adaptation to novel objects and

(2) categorization for modular and ŕexible composition to complex tasks. Additionally,

the lack of variations in language also leads to biases in visual reasoning learning. To

deal with these problems, we expect an inclusive, modular, and scalable benchmark to
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Rotation 
Constraints

Translation
Constraints

Goal Position
Constraints

“Fully open the dishwasher and take out the red plate.”

Step 0: Open the door of dishwasher

Step 1: Pull out the tray of dishwasher

Step 2: Pick up the red plate

“Fully open the door of fridge.”

“Fully pull out the bottom drawer of cabinet.”

“Pick up the red block and place it on the red circle.”

Class: Dishwasher;
Articulated: True;
Joints: [Door-base: Revolute,

Tray-base: Prismatic ]
Color: Gray; Size: normal
Relative Position: None

Parts:[                                                                        ]Base Tray Door

Class: Plate;
Articulated: False;
Color: Red; Size: normal
Relative Position: None
Grasp Pose:

Object-centric Representations

Figure 2.1.: Given the language instructions and observations, the VLMbench requires
the agent to generate an executable manipulation trajectory for speciőc task
goals. On the left, we show that the complex tasks can be divided into unit
tasks according to the constraints of the end-effector, like łOpen the door of
the dishwasher" and "Open the door of the fridge" should both follow the
rotation constraints of the revolute joint. On the right, we show examples of
object-centric representations, where all graspable objects or parts generate
local grasping poses as their attributes. Depending on the modular design,
we can generate reasonable VLM data automatically.

evaluate embodied agents for various language-guided manipulation tasks.

An ideal VLM benchmark should have at least three characteristics: The őrst one is

scalability. Such a benchmark should automatically generate various physics-realistic 6

degrees of freedom (DoF) interactions with affordable objects and expand new tasks

effortlessly. The second is task categorization, which exploits commonality concerning

robot motion between semantic tasks and is almost ignored in existing works. The third

is reasonable language generation, which requires the benchmark to generate language

instructions for testing diverse visual reasoning abilities without biases. However, existing
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Manipulation

benchmarks [9,14ś16] lack at least one characteristic for VLM tasks. Motivated by these

attributes, we present VLMbench, a highly categorical robotic manipulation benchmark

with compositional language for visual reasoning. To build and scale VLMbench, we

propose AMSolver, an automatic unit task builder that can compose unit tasks to create

complex multi-step tasks and seamlessly adapt to novel objects. Compared to previous

benchmarks, VLMbench categorizes manipulation tasks into various meta-manipulation

actions according to the constraints of robot trajectories for the őrst time. Meanwhile,

the combinations of compositional language templates and object-centric representations

provide numerous variations for visual reasoning in VLMbench, as shown in Figure 2.1.

To investigate the difficulty of the benchmark, we test them with several partially modal

methods and a keypoint-based method, 6D-CLIPort, modiőed from the state-of-the-art

language-guided manipulation method CLIPort [10]. The results show that there is

still a massive room for improvement in the robust manipulation action generations and

accurate language-guided visual understanding. To sum up, our contributions to this

work include the following:

• AMSolver, an automatic demonstration generator for various task semantics,

motion constraints, object types, and states deőned in a novel task template

formulation.

• VLMbench, a robot manipulation benchmark on 3D tasks with visual observation

and compositional language instructions, where we categorize the manipulation

tasks by constraints and provide variations with minimal biases in the őrst time.

• 6D-CLIPort, a general vision-and-language manipulation baseline model evaluated

on all kinds of VLMbench tasks.
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§ 2.2. Related Work

Robotic Manipulation Benchmarks There are plenty of benchmarks proposed related

to visual-language robotic tasks. ALFRED [17] was proposed to do virtual object rear-

rangement tasks guided by visual observation and language instruction between different

room-scale locations. ManipulaTHOR [18] introduced realistic interaction with objects

using a 6 DoF conőgurable mobile manipulator. Habitat 2.0 [16] and BEHAVIOR [19]

incorporated real robot navigation with simple object interaction implementation for more

comprehensive mobile manipulation tasks. CALVIN [20] collects 24 hours of playing

data with natural language instructions for long-horizon manipulation tasks. Regarding

static manipulation benchmarks, MetaWorld [15] collects a series of translation-only

tasks with demonstrations for reinforcement learning. CausalWorld [14] focused on

causal inference within manipulation and showed examples of several simple object

rearrangement tasks. RLBench [9] collected 100 different tasks by specifying robot arm

end-effector waypoints for each of them for robot learning. Besides, crowd-sourcing

platforms collect human demonstrations of a variety of common manipulation tasks

through VR/AR devices, such as Robosuite [21] and Robomimic [22]. Compared to

these works, our VLMbench includes high-level task descriptions and low-level robot

action translations and realizes automatic task builders for easier generation of complex

tasks.

Vision and Language Tasks for Embodied AI Vision and language tasks, such as

Vision Question Answering (VQA) [23, 24], Video Captioning [25ś27], Image-Text

Retrieval [28,29], connect vision and NLP research to produce semantics from combined

embedding features. Recent works such as referring object spatial relations [30] and
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Table 2.1.: Comparison of existing robotic manipulation benchmarks to VLMbench.

Benchmark
novel object

adaptation

automatic

trajectory generation

variant

object property

automatic

6-DoF grasping

constraint-based

task formulation

CausalWorld [14] ✗ ✗ ✓ ✗ ✗

MetaWorld [15] ✗ ✓ ✗ ✗ ✗

ManipulaTHOR [18] ✗ ✗ ✓ ✗ ✗

Habitat 2.0 [16] ✓ ✓ ✓ ✗ ✗

Robomimic [22] ✗ ✗ ✗ ✗ ✗

BEHAVIOR [19] ✗ ✓ ✓ ✗ ✗

RLBench [9] ✗ ✓ ✓ ✗ ✗

CALVIN [20] ✗ ✗ ✗ ✗ ✗

VLMbench (ours) ✓ ✓ ✓ ✓ ✓

dynamic events [31] provide valuable reasoning results for the agent to act. Vision-and-

Language Navigation (VLN) [32ś38] proceeds another step to use visual observations

and language instructions for robotic navigation directly. Recent benchmarks [16,17,19]

combined VLN with abstracted object interaction to include more object rearrangement

tasks. Compared to the tasks mentioned above, our benchmark is designed for more

complex robotic manipulation that simulates physics-realistic 6DoF grasping and requires

reasoning ability from the visual-language space to the executable action space.

Language-Instructed Manipulation Various manipulation tasks have been recently

researched with language input, either describing the entire task or serving interactive

input for task speciőcations. HULC [39] proposes a hierarchical network for long-horizon

manipulation tasks, which contains multi-modal transformers for task planning and a

policy network for action generation. Structformer [40] proposes an object selection

network from language and visual encodings and a language-conditioned pose generator

for semantic object rearrangement. Stepputtis et al. [41] proposed a closed-loop control

model for pouring tasks. CLIPort [10] proposed a two-stream framework to learn a

spatial attention map for 2D object manipulations. Lynch et al. [42] fed natural language

instructions to a goal-conditioned policy pretrained using imitation learning for various
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Figure 2.2.: The unit task templates of AMSolver. On the left, we show three unit task
templates parameterized by position and orientation constraints over the
robot end-effector on either the goal pose or the entire path. By combining
these unit task templates, various task examples can be generated. For
example, on the right, we show three main common task types household
tasks and long-horizon tasks composed of unit tasks.

tasks. INVIGORATE [43] proposed an interactive system that takes language input

to correct false estimations and re-plan for object grasping in clutter. Shao et al. [44]

trained a joint language-vision model on 7-DoF goal trajectory estimation with another

task classiőer for multi-task training. Goyal et al. [45] learned zero-shot task adaptation

to accomplish novel tasks through differences described in natural language. In this

paper, our 6D-CLIPort model learns full 6D grasping and conducts variate-length robot

manipulation tasks from language instructions.
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§ 2.3. AMSolver: Automatic Manipulation Solver

We consider a rule-based task categorization that supports most daily manipulation tasks,

which follows a uniőed formulation. To this extent, we propose Automatic Manipulation

Solver (AMSolver)∗. We focus on simple unit tasks and introduce a unit task template

that categorizes motion constraints and generates a wide range of household tasks (see

examples in Figure 2.2). The formulation treats objects as a representation that could

have variations in appearance and enables automatic demonstration generation using

off-the-shelf tasks and motion planners.

2.3.1. Rule-based Unit Tasks

Since the tasks have notable variations, we assume that each complex task can be

decomposed into combinations of several unit tasks from the aspects of end-effector

trajectories. We deőne a unit task as the semantic step of completing a sub-goal of

the entire task. Speciőcally, a unit task is deőned in a formula of ‘take action on an

object under certain constraints’ where two constraints can parameterize a unit task: (a)

position constraints and (b) orientation constraints, which describe the valid spatial

space or orientation range, respectively, of the end-effector for a speciőc task. We

propose three unit task templates detailed below that can compose the aforementioned

complex tasks.

(1) Control is a preparation or ending step of a task, which models the transition of

the object state, where the state indicates whether the robot can move the object or not.

In this work, we specify one way of transition: to obtain control by grasping it and

∗AMSolver is implemented in CoppeliaSim [46] (Free Educational License) and codes are based on
RLbench [9] (RLBench Software License) and PyRep [47] (MIT License).
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release control by opening the gripper. There are other ways to obtain control, like

pushing, hitting, etc. However, these transitions will naturally lead to the constraints

in the following sub-tasks, so they cannot be considered a general component for any

complex task. In this unit task, the position and orientation constraints depend on the

geometry of object instances.

(2) M1 denotes moving the target object with goal pose constraints, which can be modeled

as a 6 DoF transform in the robot’s workspace. The position constraints deőne a bounded

goal space in ℝ
3, while the orientation constraints deőne a valid 3D orientation 𝑆𝑂(3).

We consider four types of position constraints: (a1) Free, (a2) Plane, (a3) Line, and (a4)

Fixed, which means the goal position is any point inside a 3D space (a1), constrained in

a 2D plane (a2), constrained in a line-shape area (a3), or őxed to a certain point (a4).

There are three types of orientation constraints: (b1) Free, (b2) Axis, and (b3) Fixed,

which means the goal orientation is unlimited in 3D rotation space (b1), only rotated

along an axis in space (b2), or őxed at a given orientation (b3). For example, M1[a2,

b1] can represent placing the object on a tabletop (with plane position constraint), while

M1[a3, b2] can represent moving the object to a position on one line and ending with a

constrained orientation of one axis, like dropping a stick into the hole.

(3) M2 denotes moving the target object along a trajectory while satisfying the motion

constraints during the entire path, which implies a more strict condition than M1. The

constraints are mostly from object articulation, like revolute joints on doors, or task-

speciőc requirements, like keeping the opening upward for a full-őlled mug. Therefore,

there are four kinds of position constraints: (a1) Free, (a2) Plane, (a3) Line, and (a4)

Fixed trajectory, which means any position inside a space (a1), a plane (a2), a line (a3) or

a predeőned path (a4) should be feasible for the trajectory, and four kinds of orientation
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constraints: (b1) Free, (b2) Axis, (b3) Fixed, and (b4) Depend on position, which means

every pose in the trajectory should be unlimited orientations (b1), at most rotated along

an axis (b2), őxed to a certain orientation (b3), or depended on the corresponding

positions. For example, M2[a2, b2] means moving the object inside a 2D plane while

maintaining the orientation of one axis, like wiping the table. In contrast, M2[a4, b2]

means moving the object along a őxed trajectory with maintaining the orientation of one

axis, like using a screwdriver to tighten a screw. It is worth mentioning that M2[a1,b1]

will degenerate to M1[a1,b1]. According to our unit task deőnition, we have covered

every feasible 6 DoF pose of the end-effector. Therefore, we have reason to believe that

these unit tasks can represent any complex task in the action space.

2.3.2. Object-centric Representation

Some recent works [48,49] have used object-centric representations for manipulation.

Since the properties are deőned on objects, these representations can easily cross the

variations of environments, agents, and tasks. Our benchmark assumes that objects used

in the tasks are rigid and their fundamental properties will not change during the tasks.

Therefore, we can parameterize the objects as a set of conőgurations, including class,

color, size, and geometry shape. If the object is articulated, its whole conőguration will

contain the conőguration of each part and the physical constraint of each connection.

For example, a door consists of three parts: the door base, plank, and handle, so its

conőguration will contain each part’s conőguration and record the positions and ranges

of two revolute joints.
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2.3.3. Automatic Demonstration Generation

To create a task example, the user could compose a task template from the unit library

of formulation, such as a unit task of object rearrangement as Control-M1 or a more

complex task of object stacking as Control-M1-Control-M1-Control-M1, etc., and

then select the objects from a given set to be included in the scene as the object to be

manipulated and distractor objects. The object placement could be randomized to the

customer’s speciőcations in the simulation. The corresponding language descriptions

could also be generated from templates.

To implement Control as grasping, we create an object-wise grasp pose dictionary.

Speciőcally, a point cloud-based grasping pose detection algorithm [50] is implemented

to search all feasible grasping poses, given the object’s shape and robot gripper parameters.

The grasp poses are saved and transformed to world space for a particular task by simply

multiplying with the object’s pose. To implement M1 and M2, we integrate customized

motion constraints in the OMPL motion planner library so that the calculated trajectory

satisőes the constraints automatically. Please refer to Appendix A.2 for more details and

task examples.

§ 2.4. VLMbench: Visual-and-Language Manipulation

Benchmark

2.4.1. Problem Deőnition

Given language instructions, the Vision-and-Language Manipulation (VLM) task requires

an embodied agent to follow the instructions to complete tabletop manipulation tasks.
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Goal Pose Constraints Tasks Path Pose Constraints Tasks

M1[a1,b1]: Pick [Object] and 
place it into [Container].

Color, Size, Shape, Relative

M1[a2,b2]: Stack [Object1] and 
[Object2] in sequence.

Color, Size, Shape, Relative

M1[a3,b2]: Drop [Object] 
into [Container].

Color, Size, Relative

M1[a4,b3]: Put [Object] 
through the hole of [Shape].

Color,Shape, Relative

M2[a1,b2]: Pour water 
from [Mug1] to [Mug2].

Color, Size, Relative

M2[a2,b2]: Wipe [Area] 
with a sponge.

Color, Size, Shape, 
Relative, Direction

M2[a4,b4]: [Slightly/Fully] 
[Open/Close] the door.

Amount, Action

M2[a3,b3]: [Slightly/Fully] 
[Open/Close] 

the [Level] drawer.
Amount, Action, Level

Figure 2.3.: We show four task categories with goal-pose constraints on the left side, and
on the right side, we show four task categories with path-pose constraints.
For each task category, we visualize the observations of the overhead view
and list the main unit task, variations, and instruction templates. The red
words with brackets indicate the blank in which the variation descriptions can
őll. The blue words indicate the variations in the tasks. The combinations
of variations will lead to various instance-level tasks.

Formally, at the beginning of the task, the agent receives a set of language instructions

𝐿 = {𝐿1, 𝐿2, ..., 𝐿𝑛}, where 𝐿𝑖 denotes one sentence of arbitrary length. The initial state

𝑠0 contains multi-view RGB images, depth images, segmentation information, and robot

states, including joint angles, velocities and torques, and end-effector pose. Given the

observations and language instructions, the agent needs to estimate an executable action

command 𝑎0, directly working on the end-effector or joints. Then, at each step 𝑡, the

agent receives new observations 𝑜𝑡 and generates the action 𝑎𝑡 = 𝑓 (𝑠𝑡 |𝑠0, 𝑠1, ..., 𝑠𝑡−1, 𝐿)

for the next step. The step loop will repeat until the agent sends a stop action or should

be terminated, e.g., achieve the success conditions or the limitation steps. The agent

should obey the constraints provided by language instructions during the run.
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2.4.2. Tasks and Dataset

In previous works, the researchers manually designed manipulation tasks by implicit prior

knowledge without categories. Instead, we are trying to build tasks from the perspectives

of elementary manipulation abilities. In other words, since different tasks have various

semantic meanings, we consider the task with the same unit tasks combination should be

in the same category from the aspect of the action space. For example, łOpen the door

of the fridge," and łOpen the door of the microwave" require the same action ability

except for semantic meanings and grasping poses which depend on the object geometry.

Therefore, we deőne eight general task categories, represented by one typical task in

each category, shown in Table 2.2 and Fig. 2.3. We use the deőnitions in the unit task

templates to represent the main constraints of each task category. The task details can be

found in Appendix A.1, and dataset statistics can be found in Appendix A.3.

Task Variations The manipulated object’s properties can randomly change for each task

category, and every combination leads to a task instance. In the VLMbench, we use

eight variations: color, size, relative position, shape, direction, level, amount, and action

type. The variations are from two perspectives: object and motion. Object variations

include color, size, shape, relative position, and direction. Here, the color is chosen

from 20 colors in the seen settings. The size contains the relative descriptions between

two objects, łsmaller" and łlarger", and descriptions between three objects, which are

łlarge",łmedium", and łsmall". The shape contains őve types of objects for the seen and

unseen settings. The relative position describes the spatial relationship between two

objects, like the top, front, rear, left, and right. The direction contains two descriptions

for rectangular prism in a plane:łhorizontal" and łvertical". For the objects that have the

vertical structure, the level includes łtop", łmiddle," and łbottom." From the motion
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view, the variations are amount and action type. The amount means how far the task

needs to be done, consisting of łfully" and łslightly." The action type includes łopen"

and łclose", especially for the articulated objects. The table of these variations and

models used can be found in Appendix A.1.

Unseen Settings All tasks in the unseen settings are unseen <color, shape> combinations

from an unseen color collection and an unseen shape collection (where the shapes include

all object classes and variants). The unseen color collection has őve new colors that do

not appear during training, including brown, gold, pink, chocolate, and coral. As for the

unseen shape collection, it has some overlap with the seen library for the tasks with color

variations (but the <color, shape> combinations are always unseen), and is exclusive for

the tasks without color variations (e.g., we introduce a new door model with a rotatable

handle for the unseen setting of Door tasks). So there are mainly three kinds of unseen

combinations: <unseen color,unseen shape>, <unseen shape>, and <unseen color,seen

shape>. The exact object models used for each task can be found in Appendix A.1.

§ 2.5. Vision-and-Language Manipulation Agent

To provide a baseline method to solve VLM tasks, we propose a neural-network-based

agent 6D-CLIPort that takes in the input of multi-view RGB-D observations and

task language descriptions and outputs 6 DoF pose keypoints along the path that can

accomplish a speciőc task. For instance, for the pick-and-place task, the agent will iterate

twice and output the object’s 6D pose for pick, and place, separately.

The overall ŕow of 6D-CLIPort∗ is shown in Figure 2.4. The input data passes

∗6D-CLIPort is implemented based on CLIPort [10] (Apache-2.0 License)
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Table 2.2.: The table contains the category-level tasks in our dataset, with their main
constraints, variations and instruction samples.

Task Categories Main Constraints Variations Instructions Samples

Pick & Place objects
M1 ś Position: Free,

Orientation: Free
Color, Size, Shape,
Relative Position

łPick the red cube and place
it into the green container."

Stack objects
M1 ś Position: Plane,

Orientation: Axis
Color, Size, Shape,
Relative Position

łStack the small star and
the medium star in sequence."

Drop pencil
M1 ś Position: Line,

Orientation: Axis
Color, Size, Relative Position

łDrop the left pencil
into the right container."

Put into shape sorter
M1 ś Position: Fixed,

Orientation: Fixed
Color, Shape, Relative Position

łPut the triangular prism
through the hole of triangle."

Pour water
M2 ś Position: Free,

Orientation: Axis
Color, Size, Relative Position

łPour the water from
the green mug to the red mug."

Wipe table
M2 ś Position: Plane,

Orientation: Axis
Color, Size, Directions,

Relative Position
łWipe the horizontial area

with a sponge."

Use drawer
M2 ś Position: Line,

Orientation: Depend on position
Amount, Action Type, Level łFully close the top drawer."

Use door
M2 ś Position: Fixed trajectory,
Orientation: Depend on position

Amount, Action Type łSlightly open the door."

through visual and language encoders. The embedded features are fused together to

obtain a pixel-wise feature map that shows the probability of the object of manipulation

interest. The encoding module is reused in 3 models (Attention, Value, and Key Module)

as follows: The Attention module takes the maximum of the feature map to get 2D

image sample crops. The Key module takes the input of the rotated crops and output

feature map crops. Then, the feature map crops are used as convolution kernels and

pass through the feature map of the entire image from the Value module to get a 3D

pose heatmap (x-y 2D position and yaw rotation, and their estimations are obtained by

maximizing the probability). Three fully connected neural network modules will regress

one of the remaining three dimensions each (z position and roll, pitch rotation) from

this heatmap. Finally, a full 6 DoF pose is composed. Compared to the state-of-the-art

method CLIPort [10], we resolved its two constraints: 1. increase 3 DoF only motions to

full 6 DoF; 2. output an arbitrary number of poses than the őxed two outputs for pick
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Input Data

Encoding Module

“Stack the 
black cube 
and the 
yellow cube 
in sequence. 
Step Zero.”

CLIP-
ResNet50

CLIP-
Transformer

Transporter 
ResNet

Feature 
Fusion & 
Decoder

RGB-D

RGB

Language

Pixel-wise 
Feature 

Map 

Attention
Module

Value
Module

Key
Module

Z 
Regressor

Roll 
Regressor

Pitch 
Regressor

Convolution

6 DoF
Pose

RGB-D RGB Language

Input Data

Rotate

Language

Argmax
X
Y

Yaw

Z
Roll
Pitch

Figure 2.4.: The structure of 6D-CLIPort. Please refer to Sec. 2.5 for details.

and place actions. Besides, we introduce some details below.

Multi-view Vision Fusion To get a better RGB-D input, we őrst fuse RGB-D input

from several cameras with known poses into a 3D colored point cloud, and then project

it along the vertical direction facing towards the table plane to get a top-view RGB-D

image.

Encoding Module The agent has two feature extraction streams: semantic and spatial

streams. The agent uses the pretrained CLIP’s ResNet50 and Transformer model [51]

to encode the RGB and languages in the semantic stream. An untrained Transporter

ResNet [52], which has 43 layers and 8 strides, is used in the spatial stream to encode

the RGB-D image. Then, the decoder fuses these latent space features by concatenation,

fully convolution, and up-sampling layers and predicts a dense pixel-wise feature map.

More details can be found in [10].

Implementation Details We separately train the agent for each task category. For
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example, the agent for pick and place tasks will jointly train on the data of all variations

mentioned in Table 2.2. In details, since the VLMbench is built by the unit task

templates, the input demonstrations 𝐷 = {𝐿, 𝜁1, 𝜁2, ..., 𝜁𝑖} can be divided into different

sub demonstrations by the waypoints generated from unit task templates, where each

step 𝜁𝑖 = (𝐿𝑖, 𝑜𝑖, 𝑔𝑖) consists of language instruction 𝐿𝑖, observation 𝑜𝑖, and the 6 DoF

sub-goal waypoint pose 𝑔𝑖 for the current step. For step 𝑖, we use the observations in the

őrst frame of this step as 𝑜𝑖 and prompt high-level instruction 𝐿 with łStep i" as 𝐿𝑖. The

input RGB-D image has a resolution of 160 × 128. The feature heatmap is dimension 16

in x-y 2D plane, and the crops from the Attention Module are rotated 36 times before

feeding into the Key Module.

§ 2.6. Experiments

2.6.1. Experimental Setup

Evaluation Settings Before testing each baseline, we preprocess the tasks to help the

agent eliminate trivial steps. 1) we divided tasks into the sub-goal sequences by the

ground truth waypoints generated by AMSolver, so that the agent only needs to estimate

the actions of the predeőned unit task sequence for each task. 2) Since we have the

ground truth gripper state for each sub-goal, we also provide whether the gripper should

open or close for each action estimation. 3) To increase the grasping stability, we use the

pre-generated grasping pose instead of estimations if these two poses are close enough

(distance is less than 5 cm, and the rotation is less than 10 degrees). 4) To reduce the

failure grasping cases due to the motion planning, we use a predeőned pre-grasping offset,

which is 8cm backward along the z-axis of the target grasping pose, and a post-grasping
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offset, which is 8cm upward along the z-axis of the world frame.

In each episode of one task variation, the simulator imports a test conőguration from

the pre-collected test dataset, which includes the initialization poses of objects, the

success conditions of the task, and a set of waypoints that can őnish the task for reference.

The agent should solve the task in the online simulator within a limited number of steps.

The success rate is used as the primary evaluation metric, calculated by dividing the

number of success conditions satisőed by the number of tests. We use the average

success rate of all variations for each task category. The success conditions are mainly

determined by an object or joint detector. The object detector returns true if particular

objects have moved inside the predeőned space, and the joint detector returns true when

the joint angle reaches the predeőned range. The success conditions of each task can be

found in Appendix A.1.

Baselines In addition to the 6D-CLIPort model, we provide two kinds of baseline models

for comparison, one with partial input modalities and the other with partial ground-truth

predictions.

To test the inŕuence of different input modalities, we train two other agents with

partial modalities: a Language-Only agent and a Vision-Only agent. These agents use

the same model architecture as 6D-CLIPort but have different input modalities. The

Language-Only agent uses the CLIP transformer for language encoding, and the visual

inputs are all zeros. The Vision-Only agent uses the same RGBD inputs as in the

6D-CLIPort agent, but its language input will only include the prompt for steps indication

like łStep zerož without any high-level language instructions.

To measure the capabilities and limitations of 6D-CLIPort, we individually test its

position or orientation estimation abilities by giving the ground-truth values of the other.
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Table 2.3.: Success rates of all task categories, including both seen and unseen settings.

Pick&Place Stack Drop Shape Sorter

Agent Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Language-Only 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vision-Only 6.31 9.85 6.89 1.79 0.00 0.00 0.00 0.33
6D-CLIPort 28.28 27.53 22.19 18.37 6.42 6.42 17.33 12.33

6D-CLIPort (GT Ori) 28.03 26.26 26.53 26.02 17.91 16.22 24.00 15.67
6D-CLIPort (GT Pos) 83.84 75.25 58.93 50.51 16.89 11.82 18.00 17.33

Pour Wipe Door Drawer

Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Language-Only 0.00 0.00 0.00 0.00 0.00 0.00 4.17 1.04
Vision-Only 0.00 0.00 19.80 20.80 0.00 0.00 14.58 7.29
6D-CLIPort 1.00 1.00 22.40 21.00 6.00 5.00 22.92 15.63

6D-CLIPort (GT Ori) 3.67 3.67 25.80 25.20 6.00 5.00 23.96 17.71
6D-CLIPort (GT Pos) 0.33 0.67 60.20 53.40 27.00 27.00 43.75 52.08

Although the trajectories of őnishing the tasks are various, and we cannot obtain the

optimal position and rotation information, we can regard the poses of waypoints as

sub-optimal solutions. GT Pos means given ground truth x/y/z positions while the other

three parameters for 3D orientation are estimated, and GT Ori suggests the contrary

(known orientation, using estimated 3D position).

2.6.2. Result Analysis

Main Results on Different Task Categories and Variations The main results on differ-

ent task categories are shown in Table 2.3. We observe that 6D-CLIPort performs better

on the tasks that have lower rotation variances, including łPick&Place," łStack,"łShape

Sorter," łWipe," and "Drawer." It indicates that 6D-CLIPort can better estimate the

positions than orientations in the 3D spaces. Moreover, 6D-CLIPort performs poorly

on the łPour" tasks since the task needs to adjust the pouring poses following the
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Table 2.4.: Success rates of all variations, including both seen and unseen settings.

Color Shape Size Relative Position

Agent Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Language-Only 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vision-Only 6.00 5.00 6.00 8.50 6.05 5.10 6.80 5.10
6D-CLIPort 15.17 13.00 23.00 19.50 18.35 14.92 15.31 15.82

6D-CLIPort (GT Ori) 18.67 17.67 28.00 27.25 20.97 17.74 21.43 18.37
6D-CLIPort (GT Pos) 40.17 35.00 56.25 51.25 44.96 38.51 38.61 34.86

Direction Level Action Type Amount

Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Language-Only 0.00 0.00 4.17 1.04 2.04 0.51 2.04 0.51
Vision-Only 21.00 24.00 14.58 7.29 7.14 3.57 7.14 3.57
6D-CLIPort 22.00 26.00 22.92 15.63 14.29 10.20 14.29 10.20

6D-CLIPort (GT Ori) 26.00 27.00 23.96 17.71 14.80 11.22 14.80 11.22
6D-CLIPort (GT Pos) 53.00 41.00 43.75 52.08 35.20 39.29 35.20 39.29

grasping pose, which introduces additional difficulties. Moreover, although the success

rates in the unseen settings are generally lower than those in the seen settings, the

performance drop is reasonable and not dramatic, showing that 6D-CLIPort can transfer

the learned manipulation knowledge from seen objects to unseen objects, beneőting

from the powerful transfer ability of the pre-trained CLIP model [51].

We also show the results from the perspective of variations across task categories in

Table 2.4. The results show that the agent is more sensitive to the novel compositions and

thus has a larger seen-unseen performance drop on variations such as łShapež, łLevelž,

łAction Typež, and łAmountž.

Impact of Different Input Modalities Table 2.3 also compares 6D-CLIPort with

Language-Only and Vision-Only agents, demonstrating the impact of different input

modalities. (1) The baseline vision-and-language manipulation model 6D-CLIPort

performs the best on all tasks, showing the importance of both visual observations and

language guidance in VLMbench tasks. (2) The Language-Only agent nearly fails at all
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the tasks as it is visually blind and thus unable to localize the objects in the 3D space.

For łDrawer" tasks, since language instructions can provide the level information (e.g.,

top, middle, and bottom) and action directions (e.g., open and close), the Language-Only

agent has some chance to close the drawer by collisions. (3) Without language guidance,

the Vision-Only agent has a signiőcant performance degradation on all tasks. It fails

completely on tasks that require more strict pose constraints, including łDropž, łShape

Sorterž, łPourž, and łDoorž. For other tasks such as łPick&Place", łStack," łWipe,"

and łDrawerž, the Vision-Only agent can succeed in few cases (though with pretty low

success rates) by randomly grasping an object in the scene for manipulation because

those tasks have a lower variance of the grasping actions and following movements.

Ablation Study on Position and Orientation Estimation We provide partial ground-

truth predictions and do a unit test of the agent’s position and orientation estimation

abilities. The results are shown in Table 2.3 and Table 2.4. From the results, we can see

the position estimation ability signiőcantly limits the performance of 6D-CLIPort in those

tasks which need correct object localization, such as łPick & Placež, łStackž, and łShape

Sorterž tasks. One primary reason why the GT position brings more improvement is that

it eliminates the difficulties of localizing the target object, one of the main challenges in

compositional reasoning. For example, the instruction łplace the red cube into the green

containerž requires the model to localize the correct cube and container and providing

GT position makes the task much easier. Besides, from the perspective of pose variances,

when we divide the task into steps, the orientation of each step has fewer variances than

the position in many tasks, such as picking, stacking, and wiping. Furthermore, for the

tasks requiring the cooperation of position and orientation, such as łPourž and łDoorž

tasks, we observe that giving partially ground truth may still not guarantee better task
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completion results. More results and analysis can be found in Appendix A.4.

§ 2.7. Conclusion

Vision-and-Language Manipulation (VLM) tasks are essential since they are inevitable

for embodied AI. For further research in this area, we propose VLMbench, which

includes various VLM tasks, and AMSolver, used for automatic VLM task generation. In

addition, we test the 6D-CLIPort agent, a keypoint-based 6 DoF agent, on the benchmark.

The results show that the current models can őnish VLM tasks, but it is still a new area

needed to be explored. We hope the VLMbench can push the research to őnd general

language-guided manipulation agents.
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Chapter 3.

JARVIS: A Neuro-Symbolic Commonsense

Reasoning Framework for Conversational

Embodied Agents

§ 3.1. Introduction

A long-term goal of embodied AI research is to build an intelligent agent capable of

communicating with humans in natural language, perceiving the environment, and com-

pleting real-life tasks. Such an agent can autonomously execute tasks such as household

chores, or follow a human commander to work in dangerous environments. Figure 3.1

demonstrates an example of dialog-based embodied tasks: the agent communicates with

the human commander and completes a complicated task łmaking a sandwichž, which

requires reasoning about dialog and visual environment, and procedural planning of a

series of sub-goals.

Although end-to-end deep learning models have extensively shown their effectiveness

in various tasks such as image recognition [53, 54] and natural language understanding
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and generation [55, 56], they achieved little success on dialog-based embodied nav-

igation and task completion with high task complexity and scarce training data due

to an enormous action space [11]. In particular, they often fail to reason about the

entailed logistics when connecting natural language guidance with visual observations,

and plan efficiently in the huge action space, leading to ill-advised behaviors under

unseen environments. Conventionally, symbolic systems equipped with commonsense

knowledge are more conducive to emulating humanlike decision-makings that are more

credible and interpretable. Both connectionism and symbolism have their advantages,

and connecting both worlds would cultivate the development of conversational embodied

agents.

To this end, we propose JARVIS, a neuro-symbolic commonsense reasoning framework

towards modular, generalizable, and interpretable embodied agents that can execute

dialog-based embodied tasks such as household chores. First, to understand free-form

dialogs, a large language model (LLM) is applied to extract task-relevant information

from human guidance and produce actionable sub-goals for completing the task (e.g.,

the sub-goals 1.1, 1.2,...,3.6 in Figure 3.1). During the process, a semantic world

representation of the house environment and object states is actively built from raw visual

observations as the agent walks in the house. Given the initial sub-goal sequence and the

semantic world representation being built, we design a symbolic reasoning module to

generate executable actions based on task-level and action-level common sense.

We evaluate our JARVIS framework on three different levels of dialog-based embodied

task execution on the TEACh dataset [11], including Execution from Dialogue History

(EDH), Trajectory from Dialogue (TfD), and Two-Agent Task Completion (TATC).

Our framework achieves state-of-the-art (SOTA) results across all three settings. In a
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Pickup Bread:

1.1 Navigate Bread

1.2 Pickup Bread

1.3 Navigate CounterTop

1.4 Place CounterTop

1 2 3

Initial Egocentric View Pick up bread Slice Bread Open Carbinet and

Pick up Plate

Ground Truth Map and Trajectory Dialogue:
Sub-goals:

1

Hi, please make a sandwich

Ok, where can I find some bread?

Near the coffee pot.1

In sink

And a knife?

2

Please put them on a plate

Where is the plate?

Plate is to the left of microwave

in upper cabinet

Ok, thanks3

2 3

Commander Follower
1

Pickup Plate:

3.1 Navigate Carbinet

3.2 Open Carbinet

3.3 Navigate Plate

3.4 Pickup Plate

3.5 Place CounterTop

Slice Bread:

2.1 Navigate Knife

2.2 Pickup Knife

2.3 Slice Bread

2.4 Place Knife

2

3

Figure 3.1.: Dialogue-based embodied navigation and task completion. The Com-
mander (often a human) issues a task such as making a sandwich, and the
Follower agent completes the task while communicating with the Com-
mander. Unlike the agent in őne-grained instruction following tasks, the
Follower agent needs to extract sub-goals from the free-form dialogue and
execute actions in the visual environment. Note that the Follower agent can
only navigate and interact with objects in an egocentric view and has no
access to the map or other oracle information.

more realistic few-shot setting where available expert demonstrations are limited for

training, we show our framework can learn and adapt well to unseen environments.

Meanwhile, we also systematically analyze the modular structure of JARVIS in a variety

of comparative studies. Our contributions are as follows:

• We propose a neuro-symbolic commonsense reasoning framework blending the two

worlds of connectionism and symbolism for conversational embodied agents. The

neural modules convert dialog and visual observations into symbolic information,

and the symbolic modules integrate sub-goals and semantic maps into actions

based on task-level and action-level common sense.
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• Our framework is modular and can be adapted to different levels of conversational

embodied tasks, including EDH, TfD, and TATC. It consistently achieves the

SOTA performance across all three tasks, with great generalization ability in new

environments.

• We systematically study the essential factors that affect the task performance, and

demonstrate that our framework can be generalized to few-shot learning scenarios

when available training instances are limited.

§ 3.2. Related Work

Embodied AI Tasks Embodied agents capable of navigation and interaction have

been long studied in AI, with early work focusing on goal-directed navigation in

indoor and outdoor environments [57ś59]. More recently, research has shifted toward

language-grounded agents. Vision-and-Language Navigation [60ś67] explores how

agents follow natural language instructions to reach target locations, while Vision-

and-Dialog Navigation [68ś71] incorporates real-time dialogue for guidance. Beyond

navigation, recent efforts [72ś74] introduce interactive task completion involving both

navigation and object manipulation. Dialog-based embodied tasks [11, 75] further

align with real-world settings, enabling agents to collaborate with humans through

conversation. Our work builds on this line, aiming to develop a conversational agent for

complex household tasks.

Vision-and-Language Navigation and Task Completion Prior work in embodied

AI has explored vision-and-language navigation [67, 76ś81], vision-and-dialog navi-

gation [82ś84], and task-oriented object navigation [85]. Vision-and-language task
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completion has also gained attention [86ś89], with early methods like [72] using LSTMs

for multi-modal fusion, and [86] introducing transformers for improved temporal mod-

eling. Modular approaches further decompose tasks: [88] use semantic voxel grids

with hierarchical controllers, and [87] integrate semantic policies for őne-grained object

search. However, these systems are designed for structured, instruction-following tasks

and often struggle with the ambiguity and complexity of dialog-based scenarios. In

contrast, our approach extracts task-relevant information directly from free-form dia-

logue and performs neuro-symbolic reasoning to generalize across diverse dialog-based

embodied tasks.

Neuro-Symbolic Reasoning While neural models have achieved great success across

vision and language tasks [53, 54, 90, 91], they often lack interpretability and reasoning

ability in complex, multi-modal settings. Neuro-symbolic methods address this by

combining neural perception with symbolic reasoning [92ś96]. For example, [92]

introduce a symbolic program generator for visual question answering, and [93] extend

it to video reasoning. In dialog-based household tasks, neural models struggle to

integrate diverse inputs and infer correct actions [11]. To address this, we propose

a modular neuro-symbolic framework that converts multi-modal observations into

symbolic representations and applies commonsense reasoning for robust task execution.

§ 3.3. Neuro-Symbolic Conversational Embodied Agents

3.3.1. Problem Formulation

We study dialogue-based embodied agents, where a Follower agent must interpret natural

language instructions from a Commander (a human or another agent) to complete long-
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Figure 3.2.: An overview of our JARVIS framework. The őne-tuned language planning
model takes dialogue and previous sub-goals 𝐺0:𝑡−1 as input and produces
the future sub-goals 𝐺𝑡:𝑇 (Section 3.3.2). 𝐺𝑡:𝑇 will be further examined by
our Task-Level Common Sense model and converted to more reasonable
and detailed future sub-goals 𝐺′𝑡:𝑇 . Meanwhile, the Visual Semantic module
actively updates the semantic world representations (Section 3.3.2). If the
object is found in the world representation, the next action is determined
by the Fast Marching method. If not, the Goal Transformer will generate
the next action. The next action 𝑎𝑡+1 ∈ A will be post-processed by the
Action-Level Common Sense model.

horizon tasks in a visual environment. Each task begins from an initial state 𝑠𝑖 ∈ S and pro-

ceeds through multi-turn dialogue 𝐷 = {(𝑝𝑖, 𝑢𝑖)}, where 𝑝𝑖 ∈ {Commander, Follower}

indicates the speaker and 𝑢𝑖 is the utterance. At each timestep 𝑡, the Follower receives a

visual observation 𝑣𝑡 and executes an action 𝑎𝑡 ∈ A : S𝑡 → S𝑡+1, aiming to reach a goal

state 𝑠 𝑓 ∈ S.

Tasks often involve intermediate sub-goals (e.g., łFind breadž, łCook eggž) under a

high-level goal (e.g., łMake breakfastž). The Commander has oracle access to task and

environment details, while the Follower has only egocentric perception and can request

clariőcation during the dialogue.

Following [11], we consider three settings: in Execution from Dialog History (EDH),
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the agent completes an unőnished task given past dialogue and partial trajectory; in

Trajectory from Dialog (TfD), the agent reconstructs a full action sequence from complete

dialogue; and in Two-Agent Task Completion (TATC), the agent collaborates interactively

with a Commander to complete the task. Our proposed JARVIS framework is designed

to handle all three scenarios.

3.3.2. Proposed Methods

Our JARVIS framework (as shown in Figure 3.2) consists of a Language Planning

module, a Visual Semantic module, and a Symbolic Reasoning module. Speciőcally,

the Language Planning module utilizes a pre-trained large language model to process

free-form language input and produces procedural sub-goals of the task. In the Visual

Semantic module, we use a semantic segmentation model, a depth prediction model,

and the SLAM algorithm to transform raw visual observations into a more logistic form

Ð semantic maps containing spatial relationships and states of the objects. Finally, in

the Symbolic Reasoning module, we utilize task-level and action-level commonsense

knowledge to reason about transferred symbolic vision-and-language information and

generate actions, and a Goal Transformer is trained to deal with uncertainty by directly

producing actions when no relevant information can be retrieved from the visual symbolic

representations. Below we introduce our methods in detail; please refer to Appendix B.1

for more implementation details and Appendix B.2 for our notation table.

Language Understanding and Planning The language commands in dialog-based

embodied tasks are free-form and high-level, and do not contain low-level procedural

instructions. Therefore, it is essential to break a command like łcan you make breakfast
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for me?ž into sub-goals such as łFind breadž, łFind knifež, łSlice breadž, łCook eggž,

and then generate actions 𝑎𝑖 to complete the sub-goals sequentially. Large language

models (LLMs) are shown to be capable of extracting actionable knowledge from learned

world knowledge [97]. In order to understand free-form instructions and generate the

sub-goal sequence for action planning, we leverage an LLM, the pre-trained BART [55]

model, to process dialog and action, and predict future sub-goal sequence 𝐺𝑡:𝑇 for

completing the whole task:

(3.3.1) 𝐺𝑡:𝑇 = LLM(𝐷, 𝐺0:𝑡−1)

where 𝐷 = {(𝑝𝑖, 𝑢𝑖)} is the collected set of user-utterance pairs and the previous

sub-goal sequence 𝐺0:𝑡−1 = {𝑔0, 𝑔1, 𝑔2, ..., 𝑔𝑡−1}. For sequential inputs 𝐺0:𝑡−1, we encode

the sub-goals into tokens and concatenate them as the input of the LLM model. For

the ground-truth sub-goal sequence 𝐺0:𝑇 , we acquire it by a rule-based transformation

from the action sequence 𝐴0:𝑇 = {𝑎0, 𝑎1, 𝑎2, ..., 𝑎𝑡, ..., 𝑎𝑇 }. Concretely, we note that the

actions can be categorized as navigations and interactions. For interactions, we coalesce

the action and targeted object as the sub-goal. For example, if the embodied agent

executes the action of picking up a cup, we will record the sub-goal łPickUp Cupž. For

navigation, we coalesce łNavigatež with the target object of the next interaction.

Note that in cases like the Trajectory from History (TfD) task, where only dialog

information 𝐷 is given and other history information is missing, Equation 3.3.1 reduces

to

(3.3.2) 𝐺𝑡:𝑇 = LLM(𝐷)

The BART model is trained with a reconstruction loss by computing the cross entropy
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between the generated future sub-goal sequence 𝐺𝑡:𝑇 and the ground truth future sub-goal

sequence 𝐺𝑡:𝑇 .

Semantic World Representation The visual input into a embodied agent is usually a

series of RGB images 𝑉 = {𝑣0, 𝑣1, 𝑣2, ..., 𝑣𝑇 }. One conventional way in deep learning

is to fuse the visual information with other modalities into a neural network (e.g.,

Transformers) for decision making, which, however, is uninterpretable and often suffers

from poor generalization under data scarcity or high task complexity. Thus, we choose

to transform visual input into a semantic representation similar to [88] and [87], which

can be used for generalized symbolic reasoning later.

At each step 𝑡, we őrst use a pre-trained Mask-RCNN model [54] for semantic

segmentation, which we őne-tune on in-domain training data of the TEACh dataset, to

get object types 𝑂𝑡 = {𝑜0, 𝑜1, 𝑜2, ..., 𝑜𝑘} and semantic mask 𝑀𝑡 = {𝑚0, 𝑚1, 𝑚2, ..., 𝑚𝑘}

from egocentric RGB input 𝑣𝑡 at time stamp 𝑡. Then we use a Unet [98] based depth

prediction model as [88] to predict the depth of each pixel of the current egocentric image

frame. Then, by combining the agent location and camera parameters, we transform the

visual information into symbolic information: if a certain object exists in a 3D space,

which we store in a 3D voxel. Then we further project the 3D voxel along the height

dimension into a 2D map and obtain more concise 2D symbolic information. So far, we

have transformed the egocentric RGB image into a series of 2D semantic maps, among

which each map records a certain object’s spatial location in the projected 2D plane.

This symbolic environment information will be maintained and updated during the task

completion process as in Figure. 3.2.
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Action Execution via Symbolic Commonsense Reasoning Once the sub-goal se-

quence and semantic world representation are obtained, the agent must generate executable

actions. However, these inputs may be noisyÐsub-goals can be misordered or infeasible,

and the semantic map may be incomplete. To address this, we introduce a Symbolic

Reasoning module that leverages task-level and action-level commonsense logic to

validate and reőne execution plans. Sample logic predicates are listed in Table B.1

(Appendix B.1.1).

Task-level reasoning enforces logical preconditions between sub-goals. For instance,

the predicate 𝑃𝑖𝑐𝑘(𝑎𝑔𝑒𝑛𝑡, 𝑥) holds only if 𝑥 is movable and the agent is free-handed.

Sub-goals violating such constraints are revisedÐe.g., inserting łPickUp knifež before

łSlice bread.ž This process assumes ideal execution and updates the agent’s internal state

accordingly.

Given validated sub-goals and the semantic map, we employ two action generation

methods. If the target is visible, the Fast Marching Method (FMM) [99] plans a path to

the nearest empty space near the object. Otherwise, we use a Goal Transformer (GT),

adapted from the Episodic Transformer [86], trained on TEACh data. GT predicts the

next action from past observations 𝑉0:𝑡−1, actions 𝐴0:𝑡−1, and sub-goals 𝐺0:𝑡−1:

(3.3.3) 𝑎̂𝑡 = GT( [𝑉0:𝑡−1, 𝐴0:𝑡−1, 𝐺0:𝑡−1]).

Action-level reasoning ensures that planned actions respect environmental constraints.

For example, 𝑀𝑜𝑣𝑒(𝑥, 𝑦) is valid only if a path exists from 𝑦 to 𝑥. If constraints are

violated, the agent adaptsÐe.g., executing a fallback policy like random exploration or

navigating to the nearest feasible location.
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Table 3.1.: Results in percentages on the EDH and TfD validation sets, where trajectory
length weighted (TLW) metrics are included in [ brackets ]. For all metrics,
higher is better.

EDH TfD

Seen Unseen Seen Unseen

Model SR [TLW] GC [TLW] SR [TLW] GC [TLW] SR [TLW] GC [TLW] SR [TLW] GC [TLW]

E.T. [11] 8.4 [0.8] 14.9 [3.0] 6.1 [0.9] 6.4 [1.1] 1.0 [0.2] 1.4 [4.8] 0.5 [0.1] 0.4 [0.6]
Ours 15.1 [3.3] 22.6 [8.7] 15.8 [2.6] 16.6 [8.2] 1.7 [0.2] 5.4 [4.5] 1.8 [0.3] 3.1 [1.6]

E.T. (few-shot)2 6.1 [1.0] 4.7 [2.8] 6.0 [0.9] 4.8 [3.6] 0.0 [0.0] 0.0 [0.0] 0.0 [0.0] 0.0 [0.0]
Ours (few-shot) 10.7 [1.5] 15.3 [5.3] 13.7 [1.7] 12.7 [5.4] 0.6 [0.0] 3.6 [3.0] 0.3 [0.0] 0.6 [0.1]

§ 3.4. Experiments

3.4.1. Dataset and Tasks

We evaluate JARVIS on the TEACh dataset [11], which contains over 3,000 human-

human interaction sessions involving household tasks. Each session begins from an

initial state 𝑠𝑖, proceeds through a multi-turn dialogue 𝐷 between a Commander and

a Follower, and ends in a őnal state 𝑠 𝑓 after executing a reference action sequence

𝐴 = {𝑎0, 𝑎1, . . . }. These sessions form the basis for three evaluation settings:

Execution from Dialog History (EDH) requires the agent to complete part of a task by

predicting future actions 𝐴𝑡:𝑇 , given the current state 𝑠
𝑖
, dialogue history 𝐷, and previous

actions 𝐴0:𝑡−1. Success is determined by whether the őnal simulated state 𝑠 matches the

reference 𝑠
𝑓
.

Trajectory from Dialog (TfD) tasks the agent with reconstructing the entire action

sequence 𝐴0:𝑇 from the complete dialogue 𝐷 and initial state 𝑠𝑖, aiming to reach the target

őnal state 𝑠 𝑓 .

Two-Agent Task Completion (TATC) models both Commander and Follower roles.

Given an initial instruction, the Follower communicates with the Commander to complete
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Table 3.2.: Success Rate results on the TATC task with different assumptions of the
Commander agent. Our JARVIS establishes the best performance among the
current implemented methods.

w/ full info. w/o GT seg. w/o GT & goal loc.

Model Seen Unseen Seen Unseen Seen Unseen

E.T.3 0.0 [0.0] 0.0 [0.0] 0.0 [0.0] 0.0 [0.0] 0.0 [0.0] 0.0 [0.0]
Ours 22.1 [5.8] 16.4 [4.2] 9.4 [2.1] 5.6 [1.9] 3.9 [0.5] 1.2 [0.1]

Table 3.3.: Success Rates of 12 different task categories in the validation set. For EDH,
the results are based on relatively shorter EDH instances, while the results
for TdD and TATC tasks are from instances with full trajectories.

Plant Coffee Clean All X Y Boil Toast N Slices X One Y Cooked Sndwch Salad Bfast

EDH 21.0 21.3 14.5 15.2 15.5 12.8 22.1 19.6 15.8 15.5 10.3 14.0
TfD 13.5 6.7 6.3 4.2 1.9 0.0 0.0 0.0 0.0 0.0 0.0 0.0
TATC 70.1 29.3 40.0 18.1 5.6 4.9 0.0 25.0 0.0 0.0 0.0 0.0

the task. The Commander has oracle access to environment metadata via three APIs:

ProgressCheck, which lists task-relevant state differences; SelectOid, for querying object

identiőers; and SearchObject, for locating objects. Following TEACh conventions,

we implement JARVIS as two interacting agents: the Commander uses a Task-Level

Commonsense Module to issue instructions, while the Follower executes actions and

queries for help via an Action Execution Module.

3.4.2. Experimental Setup

Evaluation Metrics We adopt Success Rate (SR), Goal-Condition Success (GC), and

Trajectory Weighted Metrics (TLW) as evaluation metrics. Task success is a binary

∗∗Our reimplementation version of [11].
‖From the official TATC Challenge: https://github.com/GLAMOR-USC/teach_tatc. At the

time of submission, the E.T. baseline fails on all the TATC instances.
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value, deőned as 1 when all the expected state changes 𝑠 𝑓 are presented in 𝑠 otherwise

0. SR is the ratio of success cases among all the instances. GC Success is a fraction

of expected state changes in 𝑠 𝑓 present in 𝑠 which is in (0, 1) and the GC success of

the dataset is the average of all the trajectories. Trajectory weighted SR (TLW-SR) and

GC (TLW-GC) are calculated based on a reference trajectory 𝐴𝑅 and a predicted action

sequence 𝐴. The trajectory length weighted metrics for metric value 𝑚 can be calculated

as

(3.4.1) TLW-𝑚 =
𝑚 ∗ |𝐴𝑅 |

max
(
|𝐴𝑅 | ,

���𝐴
���
)

In our evaluation, we use 𝑚 = 1, and calculate the weighted average for each split by

using |𝐴𝑅 |∑𝑁
𝑖=1 |𝐴

𝑖
𝑅 |

as the weight of each instance. Following evaluation rules in TEACh [11],

the maximum number of action steps is 1,000 and the failure limit is 30.

Baseline We select Episodic Transformer (E.T.) [11] as the baseline method. E.T.

achieved SOTA performance on the TEACh dataset. It learns the action prediction based

on the TEACh dataset using a ResNet-50 [91] backbone to encode visual observations,

two multi-modal transformer layers to fuse the embedded language, visual and action

information, and output the executable action directly.

3.4.3. Main Results and Analysis

EDH We establish the state-of-the-art performance with a large margin over the baseline

E.T.model. Our model achieves a higher relative performance than baselines on trajectory-

weighted metrics, as shown in Table 3.1, suggesting that adding symbolism can also

reduce navigation trajectory length. Besides, our framework has less performance

gap between seen and unseen environments, showing better generalizability in new
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Table 3.4.: Ablation studies on the EDH and TfD validation sets. Language: the agent
directly teleports to the target goals generated by the language language
planning module, thus trajectory length weighted metrics do not make sense
here. Executor: the agent will use the ground truth sub-goals. Reasoning:
the agent use both ground truth sub-goals and visual information. No Goal

Transformer: the agent explore random place when it did not őnd the target
object.

EDH TfD

Seen Unseen Seen Unseen

Model SR [TLW] GC [TLW] SR [TLW] GC [TLW] SR [TLW] GC [TLW] SR [TLW] GC [TLW]

JARVIS 15.1 [ 3.3 ] 22.6 [ 8.7 ] 15.8 [ 2.6 ] 16.6 [ 8.2 ] 1.7 [ 0.2 ] 5.4 [ 4.5 ] 1.8 [ 0.3 ] 3.1 [ 1.6 ]

Language (w/ gt executor) 19.9 [ Ð- ] 32.9 [ Ð- ] 18.8 [ Ð- ] 36.3 [ Ð- ] 8.4 [ Ð- ] 24.7 [ Ð- ] 10.2 [ Ð- ] 21.5 [ Ð- ]
Executor (w/ gt subgoals) 38.7 [12.5] 34.7 [17.9] 30.5 [ 8.5 ] 27.3 [12.1] 5.1 [ 1.3 ] 8.0 [ 4.3 ] 1.8 [ 0.2 ] 4.0 [ 0.9 ]
Reasoning (w/ gt subgoals & visual) 62.7 [27.9] 67.9 [36.7] 60.9 [26.2] 63.6 [35.4] 13.8 [ 4.0 ] 24.5 [15.5] 12.6 [ 4.2 ] 20.7 [14.6]

No Goal Transformer 17.3 [ 3.2 ] 21.7 [ 9.0 ] 15.7 [ 1.6 ] 16.9 [ 6.3 ] 0.6 [ 0.0 ] 3.1 [ 1.1 ] 1.8 [ 0.2 ] 1.4 [ 0.6 ]

environments. We őnd that E.T. usually gets stuck in a corner or keeps repeatedly

circling, while our model barely suffers from those issues, beneőting from neuro-symbolic

commonsense reasoning.

TfD Our model achieves state-of-the-art performance across all metrics in TfD tasks, as

shown in Table 3.1, which shows that JARVIS has better capability for task execution

based on offline human-human conversation. Compared with EDH tasks, TfD tasks

provide only the entire dialog history for the agent, which increases the difficulty and

causes performance decreases in both models, while our JARVIS still outperforms the

E.T. by a large margin, showing that the end-to-end model can not learn an effective and

generalized strategy for long tasks completion providing only dialog information.

TATC We evaluate our framework on the TATC task with a Commander under three

distinct constraint levels, simulating varied human assistance. The Commander is

provided with: 1) only the current sub-goal; 2) the sub-goal and target object location;

or 3) the sub-goal, location, and segmentation mask (the original TATC setting [11]).

As shown in Table 3.2, JARVIS greatly outperforms the only open-source baseline,
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which fails on all TATC instances, highlighting the task’s complexity for end-to-end

methods. Furthermore, the Success Rate (SR) improves as the Commander is given more

information, demonstrating that JARVIS effectively adapts its instructions to leverage all

available knowledge.

3.4.4. Few-Shot Learning

Data scarcity has been known as a severe issue for deep neural methods. Especially, it is

even more severe in language-involved embodied agent tasks since collecting training

data is more expensive and time-consuming. Here we also conduct experiments in the

few-shot setting, shown in Table 3.1. We randomly sample ten instances from each of the

12 types of household tasks in the TEACh dataset and train the language understanding

and planning module and Goal Transfomer in the same way as the whole dataset setting.

For E.T., we notice a signiőcant performance drop on both EDH and TfD (e.g., 0

success rate in TfD tasks), since it overőts and can not learn effective and robust strategy.

Since our framework breaks down the whole problem into smaller sub-problems and

incorporates a solid symbolic commonsense reasoning module, it still has the ability

to complete some complex tasks. This also indicates the importance of connecting

connectionism and symbolism.

3.4.5. Unit Test of Individual Module

To analyze the performance gain of JARVIS, we conduct ablation studies on EDH

and TfD tasks (Table 3.4). With ground truth perception and sub-goals, the Symbolic

Commonsense Reasoning module achieves over 60% success in EDH, showing its
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effectiveness in action inference when provided accurate inputs. Replacing our language

planner with ground truth yields greater improvement than replacing the executor,

conőrming the importance of symbolic reasoning in short-horizon tasks.

In longer TfD tasks, where a single sub-task failure leads to overall task failure,

executor quality becomes the bottleneck. Here, replacing our executor with a teleport

agent boosts performance more than using ground truth sub-goals. We also observe that

our Goal Transformer improves trajectory-weighted success, indicating more efficient

action planning.

§ 3.5. Conclusion

This work studies how to teach embodied agents to execute dialog-based household tasks.

We propose JARVIS, a neuro-symbolic framework that can incorporate the perceived

neural information from multi-modalities and make decisions by symbolic commonsense

reasoning. Our framework outperforms baselines by a large margin on three benchmarks

of the TEACh [11] dataset. We hope the methods and őndings in this work shed light on

the future development of neuro-symbolic embodied agents.
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Interleaved Multimodal Generation
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Having established how pretrained perception and language modules can be composed

for embodied reasoning, this part turns to a second family of composition: how can

two pretrained generators, one of language and one of images, be composed so that the

resulting system produces, rather than merely interprets, coordinated text and visual

content? Large language models excel at text, diffusion models excel at images, but the

interface between them has been the bottleneck. Monolithic generators require expensive

full-model retraining; naively chaining a comprehension model with a text-to-image

model through a textual caption discards long-range context whenever more than a short

prompt is needed.

MiniGPT-5 (Chapter 4) addresses this interface directly through generative vokens, a

small set of learnable tokens that live in the language model’s output space and project

into the diffusion model’s conditional space. Combined with a description-free two-stage

training scheme and classiőer-free guidance over the vokens, this lets a comprehension-

oriented multimodal model emit interleaved text-and-image sequences while keeping

both pretrained backbones frozen. The chapter argues that generation capability can

be added on top of existing pretrained components through a narrow, learnable token

interface rather than through end-to-end retraining. This is a much lighter form of

composition than the symbolic interfaces of Part I, and a principle that carries directly

into the spatial and iterative interfaces of Part III.
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Chapter 4.

Interleaved Vision-and-Language Generation

via Generative Voken

§ 4.1. Introduction

The development of large-scale vision-and-language models is signiőcantly impacting

a wide range of őelds, like automated dialogue systems and digital content creation.

With the surge in research and development in this domain, the current state-of-the-art

Large Language Models (LLMs) [1, 100, 101] and vision-and-language models such

as [2, 4, 102,103] fall short in generating coherent multimodal outputs. This limitation

becomes particularly evident in tasks that demand an integrated handling of vision and

language, essential for the next generation of Large Language Models (LLMs).

Our work, as illustrated in Fig. 4.1, seeks to address these shortcomings by enhancing

the integration of text and image generation in LLMs. The challenges in developing a

multimodal LLM capable of interleaved vision and language generation are manifold.

First, LLMs typically lack mechanisms to directly produce images, prompting us to

introduce łgenerative vokensž that bridge the gap between textual and visual feature
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My sister arrived
early to help me
with the family

bar bq.

Every one else
arrived soon

after.

What should 
happen then?

Everyone was
hungry so we got

a lot of food.

We didn't realize
that there was

more to be done
and everyone
had their roles.

We were glad
when it was over

and relaxed a
little bit.

MiniGPT-5

Multimodal Input Multimodal Output

Figure 4.1.: MiniGPT-5 is a uniőed model for interleaved vision-and-language compre-
hension and generation. Besides the original multimodal comprehension
and text generation abilities, MiniGPT-5 can provide appropriate, coherent
multimodal outputs.

spaces. Second, the constraint of data scarcity, especially in vision-and-language

tasks [104], lacking extensive, detailed captions of images [105], like descriptions of the

elements inside images, is countered by our unique description-free training approach.

Third, maintaining both image-text and image-image consistency poses a signiőcant

challenge, which we address through dual-loss strategies. Finally, as we push forward

the boundaries with LLMs, the large memory requirements urge us to devise more

efficient end-to-end strategies and create an efficient training pipeline accessible to the

community, especially in downstream tasks.

Speciőcally, to overcome these challenges, we present MiniGPT-5, a novel approach

for interleaved vision-and-language generation. By combining Stable Diffusion with

LLMs through special visual tokens [106] ś łgenerative vokens", we develop a new
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approach for multimodal generation. Our two-stage training methodology emphasizes a

description-free foundational phase, enabling effective model training even with limited

caption-grounded images. This strategy, distinct from existing works, pivots on generic

stages free from image annotations. To ensure that the generated text and images are

in harmony, our dual-loss strategy comes into play, further enhanced by our innovative

generative voken approach and classiőer-free guidance. Our parameter-efficient őne-

tuning strategy optimizes training efficiency and addresses memory constraints.

As shown in Fig. 4.2, leveraging ViT (Vision Transformer) and Qformer [4], alongside

Large Language Models, we adapt multimodal inputs into generative vokens, seamlessly

combined with the high-resolution Stable Diffusion 2.1 model [5] for context-aware

image generation. Incorporating images as auxiliary input with instruction tuning

approaches and pioneering both the text and image generation loss, we amplify the

synergy between text and visuals. We experiment on the CC3M [104], VIST [105], and

MMDialog [107] datasets. Notably, MiniGPT-5 shows superior performance across the

two multimodal generation datasets.

In summary, our contributions are primarily threefold:

• We introduce a novel framework that leverages łgenerative vokensž to unify LLMs

with Stable Diffusion, facilitating interleaved vision-and-language generation

without relying on detailed image descriptions. We bridge the modality gap and

improve the generation quality by using the loss of the latent diffusion model, the

text generation loss, and the caption alignment loss together during training.

• We propose a new two-stage training strategy for description-free multimodal

generation. The őrst stage focuses on extracting high-quality text-aligned visual
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features from large text-image pairs, while the second stage ensures optimal

coordination between visual and textual prompts during generation. The inclusion

of classiőer-free guidance during training enhances the overall generation quality.

• MiniGPT-5 achieves signiőcant improvements over baseline methods on interleaved

vision-and-language datasets, including VIST and MMDialog, and comparable

results to the state-of-the-art on the single text-image pair dataset, CC3M. The

human evaluation further shows that, compared with the two-stage baseline,

MiniGPT-5 can provide better generation in perspectives of appropriate texts

(55%), high-quality images (53%), and coherent multimodal outputs (56%).

§ 4.2. Related Work

Multimodal Large Language Models As Large Language Models (LLMs) become

increasingly impactful and accessible, a growing body of research has emerged to extend

these pretrained LLMs into the realm of multimodal comprehension tasks [1ś4,108ś111].

For example, to reproduce the impressive multimodal comprehension ability in GPT-4 [1],

MiniGPT-4 [3] proposes a projection layer to align pretrained vision component of

BLIP-2 [4] with an advanced open-source large language model, Vicuna [100]. In our

work, we utilize the MiniGPT-4 as the base model and extend the model’s capabilities to

multimodal generation.

Text-to-Image Generation To transform textual descriptions into their corresponding

visual representations, text-to-image models [5, 112ś121] design algorithms to bridge

the gap between textual information and visual content. A notable recent contribution

is Stable Diffusion V2 [5], which employs a diffusion process to generate conditional
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image features and subsequently reconstructs images from these features. Our research

aims to leverage this pretrained model, enhancing its capabilities to accommodate both

multimodal input and output.

Multimodal Generation with Large Language Models. Recent work augments LLMs

to generate as well as understand across modalities via retrieval-augmented decoders,

tokenized image streams, or learned visual-token interfaces [122ś129]. CM3Leon [126]

uses a retrieval-augmented, decoder-only architecture for text↔image tasks. Emu [129]

converts images to 1D features with EVA-CLIP [130] and őne-tunes LLaMA [131] to

autoregress over text and text-encoderśconditioned image features (requiring subsequent

T2I őne-tuning). NextGPT [127], GILL [125], and SEED [124] map łvisual tokensž into

the text feature space of a pretrained diffusion model (via encoderśdecoder or Q-Former

variants). A parallel line builds uniőed autoregressive models that couple understanding

and synthesis in a single network by introducing large vocabularies of image tokens and

performing extensive full-model (re)training, e.g., Chameleon [132], Emu3 [133], and

Show-o [134]. Unlike uniőed models, MiniGPT-5 is modular and parameter-efficient,

reusing pretrained MLLM and diffusion backbones while tuning only a lightweight

feature mapper and LoRA. Its key novelty is generative vokens that project LLM states

directly into the diffusion conditional space and are trained with a latent diffusion loss;

paired with description-free interleaved őne-tuning and CFG over vokens, this yields

efficient, long-horizon interleaved generation with minimal backbone changes.
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"A discus got
stuck up on the

roof."

Image
Encoder

LLM (Vicuna)

"Why not try getting it down with a soccer
ball? [IMG 1] ... [IMG n]"
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Linear Layer
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Transformer
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Figure 4.2.: The overview structure of MiniGPT-5 pipeline. We leverage the pretrained
multimodal large language model (MiniGPT-4) and text-to-image generation
model (Stable Diffusion 2.1) to create a uniőed multimodal generation
pipeline. The input image encoder includes a ViT, Qformer, and linear layer,
pretrained by MiniGPT-4. The orange blocks include learnable parameters,
while the blue blocks are őxed during training. More details can be found in
Section 4.3.

§ 4.3. Method

In order to endow Large Language Models with multimodal generation capabilities,

we introduce a new framework that integrates pretrained multimodal Large Language

Models and text-to-image generation models. Central to our approach is the introduction

of łgenerative vokensž, special visual tokens that effectively bridge the textual and visual

domains during the training process. Additionally, we implement a two-stage training

method combined with a classiőer-free guidance strategy to enhance the quality and

coherence of generated outputs. Fig. 4.2 provides an overview of our model structure.

MiniGPT-5 primarily consists of two modules: the Multimodal Understanding module,

utilizing the pretrained multimodal large language model (MiniGPT-4) for handling
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multimodal inputs, and the Multimodal Generation module, employing Stable Diffusion

for generating visual outputs.

4.3.1. Multimodal Understanding Module

Recent advancements in multimodal Large Language Models, such as MiniGPT-4 [3],

have primarily concentrated on multimodal comprehension, enabling the processing

of images as sequential input. The Integrated Vision-Language Encoding Module

is designed to extend the capabilities of LLMs from mere comprehension to active

generation in multimodal contexts. Generative vokens play a crucial role in this module,

enabling the translation of raw visual inputs into a format that LLMs can process and

utilize for subsequent generation tasks.

Multimodal Encoding Each text token is embedded into a vector 𝑒text ∈ R
𝑑 , while

the pretrained visual encoder transforms each input image into the feature 𝑒img ∈ R
32×𝑑 .

These embeddings are concatenated to create the input prompt features.

Generative Vokens Since the original LLM’s 𝑉 vocabulary only includes the textual

tokens, we need to construct a bridge between the LLM and the generative model.

Therefore, we introduce a set of special tokens 𝑉img = {[IMG1], [IMG2], . . . , [IMGn]}

(by default 𝑛 = 8) as generative vokens into the LLM’s vocabulary 𝑉 . The LLM’s output

hidden state for these vokens is harnessed for subsequent image generation, and the

positions of these vokens can represent the insertion of the interleaved images. With all

pretrained weights 𝜃pretrained in MiniGPT-4 őxed, the trainable parameters include extra

input embedding 𝜃voken_input and output embedding 𝜃voken_output.

Parameter-Efficient Fine-Tuning (PEFT) Parameter-efficient őne-tuning (PEFT) [135ś137]

is critical in training Large Language Models (LLMs), employed to adapt LLMs to
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downstream tasks without the need for extensive retraining. In PEFT, rather than

updating all the parameters of a model, only a small subset of parameters is trained. This

subset typically includes task-speciőc components or lightweight layers added to the

original model architecture [135,136,138,139]. We apply PEFT to the MiniGPT-4 [3]

encoder, enhancing its ability to process and generate multimodal content based on given

instructions or prompts. More speciőcally, this involves the use of preőx tuning [137]

and LoRA[136] over the entire language encoder ś Vicuna [100] used in MiniGPT-4.

Additionally, we implement learnable queries at the input of the transformer decoder,

a conventional approach in sequence-to-sequence transformer architectures, to further

improve the model’s multimodal generation capabilities. We also adopted learnable

queries at the input of the transformer decoder as a conventional setting for sequence-to-

sequence transformer architectures [140]. Learnable queries in the decoder allow the

model to have dynamic, adaptable representations for initiating the generation process.

This is particularly useful when the model needs to generate outputs based on a mix

of visual and textual inputs. Combined with the instruction tuning [101], it notably

ampliőes multimodal generation performance across various datasets.

4.3.2. Multimodal Generation Module

To accurately align the generative vokens with the text-to-image generation models, we

formulate a compact mapping module for dimension matching and incorporate several

supervised losses, including causal language modeling loss and voken alignment loss.

The causal language modeling loss assists the model in learning the correct positioning

of tokens, while the voken alignment loss directly aligns the vokens with the appropriate

conditional generation features of the diffusion model. Since the gradients of generative
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vokens’ features can be directly calculated from images, shown on the right side of

Fig. 4.2, our method does not need comprehensive descriptions of images, leading to

description-free learning.

Voken Positioning We őrst jointly generate both text and vokens in the text space by

following next-word prediction in autoregressive language model [140]. During the

training, we append the vokens 𝑉img to the positions of ground truth images and train the

model to predict vokens within text generation. Speciőcally, the generated tokens are

represented as 𝑊 = {𝑤1, 𝑤2, . . . , 𝑤𝑚}, where 𝑤𝑖 ∈ 𝑉 ∪ 𝑉img, and the causal language

modeling loss is deőned as:

𝐿text : = −

𝑚∑︁

𝑖=1

log 𝑝(𝑤𝑖 |𝑒text, 𝑒img, 𝑤1, . . . , 𝑤𝑖−1;

𝜃pretrained, 𝜃voken_input, 𝜃voken_output),(4.3.1)

where 𝑤𝑖 ∈ 𝑉 ∪ 𝑉img

Voken Alignment for Image Generation Next, we align the output hidden state ℎvoken,

shown in Fig. 4.2, with the conditional feature space of the text-to-image generation

model. To map the voken feature ℎvoken to a feasible image generation conditional feature

𝑒text_encoder ∈ R
𝐿×𝑑̂ (where 𝐿 is the maximum input length of text-to-image generation

text encoder, and 𝑑̂ is the dimension of encoder output feature in text-to-image generation

model). We construct a feature mapper module, including a two-layer MLP model 𝜃MLP,

a four-layer encoder-decoder transformer model 𝜃enc-dec, and a learnable decoder feature

sequence 𝑞. The mapping feature ℎ̂voken is then given by:

(4.3.2) ℎ̂voken := 𝜃enc-dec(𝜃MLP(ℎvoken), 𝑞) ∈ R
𝐿×𝑑̂
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To generate appropriate images, the mapping feature ℎ̂voken is used as a conditional

input in the denoising process. Intuitively, ℎ̂voken should represent the corresponding

conditional features that conduct the diffusion model to generate the ground truth image.

We employ the latent diffusion model (LDM) loss as voken alignment loss for training the

image generation module. During the training, the ground truth image is őrst converted

to latent feature 𝑧0 through the pretrained VAE (Variational Autoencoder) [141]. Then,

we obtain the noisy latent feature 𝑧𝑡 by adding noise 𝜖 to 𝑧0. A pretrained U-Net model

𝜖𝜃 is used to calculate the conditional LDM loss as:

(4.3.3) 𝐿𝐿𝐷𝑀 := 𝔼𝜖∼N(0,1),𝑡

[


𝜖 − 𝜖𝜃
(
𝑧𝑡, 𝑡, ℎ̂voken

)



2

2

]

To summarize, the causal language modeling loss enables the model to learn the

accurate placement of tokens. Without this component, the model lacks the essential

capability to predict when vokens should be generated during inference. Additionally,

the voken alignment loss ensures the direct correspondence between vokens and the

appropriate conditional generation characteristics of the diffusion model. In the absence

of this loss, the model is unable to learn semantic vokens from images directly. This

comprehensive approach ensures a coherent understanding and generation of both textual

and visual elements, leveraging the capabilities of pretrained models, specialized tokens,

and innovative training techniques.

4.3.3. Training Strategy

Given the non-negligible domain shift between text and image domains, we observe that

direct training on a limited interleaved text-and-image dataset can result in misalignment

of generated texts and images and diminished image quality. Consequently, we adopt
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a two-stage training strategy: an initial pretraining stage focusing on coarse feature

alignment for unimodal generation, followed by a őne-tuning stage dedicated to intricate

feature learning for multimodal generation. Furthermore, to amplify the effectiveness

of the generative tokens throughout the diffusion process, we incorporate the idea of

classiőer-free guidance [142] technique throughout the whole training process.

Two-stage Training Strategy Recognizing the non-trivial domain shift between pure-

text generation and text-image generation, we propose a two-stage training strategy:

Pretraining Stage and Fine-tuning Stage. Initially, we align the voken feature with image

generation features in single text-image pair datasets, such as CC3M, where each data

sample only contains one text and one image, and the text is usually the caption of the

image. During this stage, we utilize captions as LLM input, enabling LLM to generate

vokens. Since these datasets include the image descriptive information, we also introduce

an auxiliary loss to aid voken alignment, minimizing the distance between the generative

feature ℎ̂voken and the caption feature from the text encoder 𝜏𝜃 in the text-to-image

generation model:

(4.3.4) 𝐿CAP := MSE(ℎ̂voken, 𝜏𝜃(𝑐))

The pretraining stage loss is expressed as 𝐿Pretrain = 𝜆1 ∗ 𝐿text + 𝜆2 ∗ 𝐿LDM + 𝜆3 ∗ 𝐿CAP,

with selected values 𝜆1 = 0.01, 𝜆2 = 1, 𝜆3 = 0.1 to rescale the loss into a similar

numerical range.

After the pretraining stage, the model is capable of generating images for single

text descriptions but struggles with interleaved vision-and-language generation, which

includes multiple text-image pairs and requires complicated reasoning for both text and
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image generation. To address this, in the őne-tuning stage, we further őne-tune our model

with PEFT parameters by interleaved vision-and-language datasets, such as VIST, where

the data sample has several steps with text-image and texts are sequentially relevant.

During this stage, we construct three types of tasks from the dataset, encompassing (1)

text-only generation: given the next image, generating the related text; (2) image-only

generation: given the next text, generating the related image, and (3) multimodal

generation: generating a text-image pair by given context. The őne-tuning stage loss is

given by 𝐿Fine-tune = 𝜆1 ∗ 𝐿text + 𝜆2 ∗ 𝐿LDM. More implementation details can be found in

Section 4.4.1.

Classiőer-Free Guidance (CFG) To enhance the coherence between the generated

text and images, we őrst leverage the idea of Classiőer-free Guidance for multimodal

generation. Classiőer-free guidance is introduced in the text-to-image diffusion process.

This method observes that the generation model 𝑃𝜃 can achieve improved conditional

results by training on both conditional and unconditional generation with conditioning

dropout. In our context, we want the model to focus directly on the output features ℎvoken

from LLM. Instead of using original stable diffusion unconditional distributions (dropping

ℎ̂voken), the whole feature mapper also needs to be included during the unconditional

process. Therefore, our objective is to accentuate the trainable condition ℎvoken and the

generation model is őxed. During training, we replace ℎvoken with zero features ℎ0 ∈ 0
𝑛×𝑑

with a 10% probability, obtaining the unconditional feature ℎ̂0 = 𝜃enc-dec(𝜃MLP(ℎ0), 𝑞).

During inference, ℎ̂0 serves as negative prompting, and the reőned denoising process is:

(4.3.5)
log P̂𝜃

(
𝜖𝑡 | 𝑧𝑡+1, ℎ̂voken, ℎ̂0

)
= log P𝜃

(
𝜖𝑡 | 𝑧𝑡+1, ℎ̂0

)
+

𝛾
(
log P𝜃

(
𝜖𝑡 | 𝑧𝑡+1, ℎ̂voken

)
− log P𝜃

(
𝜖𝑡 | 𝑧𝑡+1, ℎ̂0

))
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§ 4.4. Experiments

To assess the efficacy of our model, we conducted a series of evaluations across multiple

benchmarks. These experiments aim to address several key questions: (1) Can our model

generate plausible images and reasonable texts? (2) How does our model compare

with state-of-the-art models in both single-turn and multi-turn interleaved vision-and-

language generation tasks? (3) What impact does the design of each module have

on overall performance? Below we will discuss the experimental setup and present a

comprehensive analysis of our model’s performance. We use three datasets: CC3M [104],

VIST [105], and MMDialog [107]. More details about datasets and data format can be

found in Appendix C.1.

4.4.1. Implementation Details

In the pretraining stage, we introduce additional voken embeddings at both the input and

output layers of the Vicuna-7B model, while keeping the embeddings of other tokens

őxed. These new embeddings ś denoted as 𝜃voken_input and 𝜃voken_output ś along with

the feature mapper module (𝜃MLP, 𝜃enc_dec, 𝑞) are jointly trained on the CC3M dataset,

which consists of single text-image pairs. Training is conducted using the AdamW

optimizer over two epochs, with a batch size of 48, amounting to over 110,000 steps, and

a learning rate of 2 × 10−4.

In the subsequent őne-tuning stage, we incorporate LoRA modules ś denoted as

𝜃LoRA ś into Vicuna for the generation of both tokens and vokens. We keep the MLP

model 𝜃MLP and decoder query 𝑞 őxed. The model is then őne-tuned on interleaved

vision-and-language datasets, like VIST and MMDialog. The trainable parameters
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for this stage are 𝜃 = {𝜃voken_input, 𝜃voken_output, 𝜃LoRA, 𝜃enc_dec}. Training is carried out

using the AdamW optimizer over four epochs, with a batch size of 32 and a learning

rate of 2 × 10−5. Trainable parameters are nearly 6.6 million, and all training can be

completed on a server equipped with 4 A6000 GPUs.

4.4.2. Experimental Setup

Baselines

For a comprehensive evaluation of our performance in multimodal generation, we

conducted comparative analyses with several prominent baseline models: the Fine-tuned

Unimodal Generation Models, Two-stage Baseline, GILL ∗ [125], and Divter [122]:

• Fine-tuned Unimodal Generation Models: To facilitate fair comparisons in both

image and text generation, we őne-tuned two separate models, Stable Diffusion

2.1 and MiniGPT-4 [3], utilizing the VIST dataset. Within the Stable Diffusion

2.1 [5] model, the U-Net parameters were őne-tuned. For MiniGPT-4’s LLM part,

LoRA parameters were őne-tuned.

• Two-stage Baseline: A common approach in multimodal generation involves őrst

employing Large Language Models (LLMs) to create image captions, which are

then fed into text-to-image models for image generation [143]. We create such

a two-stage baseline for comparison with our end-to-end method by őne-tuning

MiniGPT-4 for caption generation and Stable Diffusion 2.1 for text-to-image

generation. Given the absence of image descriptions in the VIST dataset, we

∗Given the variations in the valid data within the CC3M dataset, we made adjustments to ensure fair
comparisons. Speciőcally, we retrained it on our speciőc CC3M data, following the guidelines in their
official implementation (https://github.com/kohjingyu/gill).
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incorporate a SOTA image captioning model, InstructBLIP-13B [108], to generate

synthetic captions for supervision.

• GILL: GILL is a recent innovation that allows the LLM to generate vokens using

a pre-trained text-to-image generation model for single-image generation, where

GILL minimizes the Mean Squared Error (MSE) loss between the text-to-image

text encoding feature and voken features, similar to 𝐿𝐶𝐴𝑃 in our approach. For őne-

tuning on multimodal datasets, since GILL requires image captions for training,

we use Descriptions of Images-in-Isolation (DII) [105] in the VIST őne-tuning

and generate captions for MMDialog őne-tuning. Contrarily, MiniGPT-5 does not

related on all caption data during multimodal generation őne-tuning.

• Divter [122]: Divter is a state-of-the-art conversational agent developed for

multimodal dialogue contexts. It introduces a customized transformer structure for

generating multimodal responses. Divter’s methodology includes pretraining on a

vast corpus of text-only dialogues and text-image pairs, followed by őne-tuning

on a selected set of multimodal response data. The MMDialog dataset regards

Divter’s method as the baseline.

Metrics

To comprehensively assess the model performance across image, text, and multimodal

dimensions, we employ a diverse set of metrics. For evaluating the quality and

diversity of generated images, we utilize the Inception Score (IS) [144], and Fréchet

Inception Distance (FID) [145]. Textual performance is gauged through metrics such as

BLEU [146], Rouge-L [147], METEOR [148], and Sentence-BERT (S-BERT) [149]
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Table 4.1.: Image generation on VIST.
Given the historical context,
models need to generate im-
ages for each step. FID scores
evaluate the visual diversities
between generated and ground
truth images within each story
sequence.

Model CLIP-I (↑) FID (↓)

SD 2.1 [5] 0.59 393.49
Fine-tuned SD 2.1 0.61 390.25
Two-stage Baseline 0.57 403.06
GILL [125] 0.60 381.88
MiniGPT-5 (Preőx Tuning) 0.65 381.55
MiniGPT-5 (LoRA) 0.66 366.62

Table 4.2.: Narration Generation on VIST.
We added LoRA őne-tuning
for GILL, MiniGPT-4, and
MiniGPT-5 with the same
LoRA conőguration. The re-
sults show that adding genera-
tive vokens does not hurt the
performance on the multimodal
comprehension tasks.

Model S-BERT (↑) Rouge-L (↑) Meteor (↑)

GILL [125] 0.3864 0.1784 0.1951
MiniGPT-4 [3] 0.6273 0.3401 0.3296

MiniGPT-5 0.6315 0.3373 0.3263

scores.

From the multimodal perspective, we leverage CLIP-based metrics [5] to assess the

similarities between generated content and ground truth. CLIP-I evaluates the similarity

between generated and ground-truth image features. To address potential misalignments

in the multimodal generation, such as when the ground truth is text-only, but the output

is multimodal, we utilize MM-Relevance [107]. This metric calculates the F1 score

based on CLIP similarities, providing a nuanced evaluation of multimodal coherence.

We also incorporate human evaluation to assess the model’s performance. We

examine the model’s effectiveness from three perspectives: (1) Language Continuity:

assessing if the produced text aligns seamlessly with the provided context; (2) Image

Quality: evaluating the clarity and relevance of the generated image; and (3) Multimodal

Coherence: determining if the combined text-image output is consistent with the initial

context.
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Table 4.3.: VIST Human Evaluation on 5,000 samples for multimodal generation from
Language Continuity, Image Quality, and Multimodal Coherence aspects.
The results indicate, in more than 70% cases, the MiniGPT-5 is better or on
par with the two-stage baseline.

Model MiniGPT-5 Two-stage Baseline Tie

Language Continuity (%) 55.22 34.89 9.89
Image Quality (%) 52.43 37.79 9.78
Multimodal Coherence (%) 56.90 28.88 14.22

4.4.3. Main Results

In this subsection, we present the performance of different models on the VIST [105] and

MMDialg [107] datasets. Our evaluations span all vision, language, and multimodality

domains to showcase the versatility and robustness of the proposed models.

Unimodal Generation on VIST To evaluate the model performance on image generation

and text generation, we systematically provide models with prior history context and

subsequently assess the generated images and narrations at each following step. Tables 4.1

and 4.2 outline the results of these experiments on the VIST validation set, showing the

performance in both image and language metrics, respectively. The őndings demonstrate

that MiniGPT-5 can generate coherent, high-quality images utilizing long-horizontal

multimodal input prompts across all data, without compromising the original model’s

ability for multimodal comprehension, indicating the efficacy of our model in diverse

settings.

Multimodal Generation on VIST To assess the quality of multimodal generation, we test

both our model and the baselines on the VIST validation set by human evaluation. Given

a preceding multimodal sequence, models are tasked with producing the subsequent
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scenario for each task. We select a random sample of 5,000 sequences, with each

requiring evaluation by two workers. These evaluators are tasked with determining the

superior multimodal output based on three criteria: Language Continuity, Image Quality,

and Multimodal Coherence. This assessment is facilitated using Amazon Mechanical

Turk [150], with a representative example (Fig. C.1) provided in the Appendix. As

depicted in Table 4.3, our model, MiniGPT-5, is found to generate more őtting text

narrations in around 55% of instances, deliver superior image quality in around 53% of

cases, and produce more coherent multimodal outputs in around 56% of the scenarios.

This data distinctly showcases its enhanced multimodal generation capabilities compared

to the two-stage baseline, which must generate intermediate image captions őrst.

Multimodal Dialog Generation on MMDialog We conduct an evaluation of our

method on the MMDialog dataset to determine the effectiveness of generating precise and

appropriate multimodal information in multi-turn conversational scenarios. The model

is required to generate either unimodal or multimodal responses based on the previous

turns during the conversations. Our results, as presented in Table 4.4, demonstrate that

MiniGPT-5 outperforms the baseline model Divter in terms of generating more accurate

textual responses. While the image qualities of the generated responses are similar,

MiniGPT-5 excels in MM-Relevance compared to the baselines. This indicates that our

model can better learn how to position image generation and produce highly coherent

multimodal responses appropriately.

4.4.4. Ablation Studies

To further evaluate the effectiveness of our design, we conducted several ablation studies,

and more ablation studies can be found in Appendix C.2.
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Table 4.4.: Multimodal generation results on MMDialog test set. In order to compare
with their baseline, we use the same metrics reported in MMDialog [107].

Model IS (↑) BLEU-1 (↑) BLEU-2 (↑) Rouge-L (↑) MM-Relevance (↑)

Divter [122] 20.53 0.0944 0.0745 0.1119 0.62
GILL [125] 23.78 0.2912 0.1945 0.1207 0.64
MiniGPT-5 20.23 0.3369 0.2323 0.1176 0.67

Table 4.5.: Evaluation of different method designs for image generation qualities on the
CC3M validation set.

Model CLIP-I (↑) CLIP-T (↑) IS (↑) FID (↓)

MiniGPT-5 0.61 0.22 28.09 31.47

MiniGPT-5 (w/o CFG) 0.60 0.22 23.41 33.73
MiniGPT-5 (w/o 𝐿𝐶𝐴𝑃) 0.54 0.16 21.27 40.24
MiniGPT-5 (w/o 𝐿𝐿𝐷𝑀) 0.58 0.20 24.79 34.65

Evaluation of Classiőer-Free Guidance (CFG) To assess the effectiveness of the

CFG strategy, we trained our model without CFG dropoff. During inference, the model

utilized the original CFG denoising process, which utilized the empty caption feature

from Stable Diffusion’s text encoder as negative prompt features. The results in Table 4.5

demonstrate that all metrics are worse without CFG, indicating that the CFG training

strategy improves the image generation quality.

Evaluation of Different Loss Guidance As described in Sec. 4.3.3, we introduced

an auxiliary loss, denoted as 𝐿𝐶𝐴𝑃 for CC3M training. To assess the impact of this

loss and determine if the single caption loss alone can generate high-quality images

like GILL, we trained our model without the caption loss 𝐿𝐶𝐴𝑃 (alignment between the

mapped generative voken features and the caption features from stable diffusion text

encoder) and the conditional latent diffusion loss 𝐿𝐿𝐷𝑀 (alignment between the mapped
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Table 4.6.: Inŕuence of prompts for image generation on CLIP-I metrics on VIST.
We establish four distinct conditions for the őnal-step image generation:
‘No Context’ (solely the last step’s narration), ‘Text Context’ (inclusive of
historical textual narrations), ‘Image Context’ (inclusive of historical images),
and ‘Image-Text Context’ (inclusive of both historical images and narrations).
From the results, MiniGPT-5 can generate more coherent images.

Model No Context Text Context Image Context Image-Text Context

SD 2 [5] (Zero-shot) 0.57 0.59 - -
GILL [125] (Zero-shot) 0.54 0.54 0.55 0.54
MiniGPT-5 (Zero-shot) 0.54 0.57 0.57 0.57
Fine-tuned SD 2 0.59 0.61 - -
Two-stage Baseline 0.54 0.56 0.57 0.58
MiniGPT-5 (Preőx Tuning) 0.60 0.63 0.68 0.70
MiniGPT-5 (LoRA) 0.61 0.64 0.69 0.70

generative voken features and conditional features for latent diffusion process of ground

truth images) separately. The results, as shown in Table 4.5, indicate that the caption

loss signiőcantly aids in generating better images, and the voken alignment loss further

enhances coherence and image quality performance.

Inŕuence of Input Types for Image Generation To assess the impact of various types

of input data for image generation, models are tasked with generating the őnal-step

images based on speciőc prompts and comparing them with ground truth images by

CLIP-I metric. All models are őne-tuned on data with full multimodal context and

tested on various input types. As indicated in Table 4.6, the MiniGPT-5 model exhibits

exceptional proőciency in producing semantically precise images compared to other

models. Furthermore, we observed increased CLIP similarities when more information

was provided in the input, signifying the models’ enhanced ability to process diverse,

long-horizon multimodal inputs.

Inŕuence of Model Designs for Image Generation To validate our feature mapper
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Table 4.7.: Evaluation of different model designs for image generation qualities on the
CC3M validation set.

Model CLIP-I (↑) CLIP-T (↑) IS (↑) FID (↓)

MiniGPT-5 0.61 0.22 28.09 31.47
MiniGPT-5 (Fixed Queries) 0.60 0.21 28.55 30.56

MiniGPT-5 (Decoder-Only) 0.58 0.20 24.74 34.88

Table 4.8.: Backbone/base-model comparison on CC3M and VIST. SD 2.1/SD3 are uni-
modal T2I baselines; MiniGPT-5 rows are interleaved textśimage generation.

CC3M VIST

Model CLIP-I (↑) FID (↓) CLIP-I (↑) FID (↓)

Stable Diffusion 2.1 [5] 0.64 26.39 0.59 393.49
Stable Diffusion 3 [151] 0.68 29.19 0.63 380.35
MiniGPT-5 (MiniGPT-4 + SD 2.1) 0.61 31.47 0.66 366.62
MiniGPT-5 (LLaVA-1.5 + SD 2.1) 0.62 28.96 0.65 376.58
MiniGPT-5 (Qwen2.5-VL + SD3) 0.64 29.31 0.70 340.20

encoder/decoder architecture, we tested two alternatives: a model with Fixed Queries,

where queries are initialized but not trained, and a Decoder-Only model, which pads

its output for compatibility with the Stable Diffusion encoder. The results of these

experiments are detailed in Table 4.7. From the results of MiniGPT-5 with őxed queries,

we őnd there exists a slight trade-off between image-text coherence and image qualities,

where őxed queries can lead to higher image metrics (IS and FID) but lower CLIP

similarities. Meanwhile, MiniGPT-5 consistently outperforms the Decoder-Only results

in all four evaluation metrics, validating the robustness and efficacy of MiniGPT-5’s

transformer encoder/decoder architecture design.

Backbone and Base-Model Study We evaluate whether the interface of MiniGPT-5

depends on a particular multimodal backbone or image generator. We consider three

MLLMs, MiniGPT-4 [3], LLaVA-1.5 [152], and Qwen2.5-VL [153], and two diffusion
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backbones, Stable Diffusion 2.1 (SD 2.1) [5] and Stable Diffusion 3 (SD3) [151], shown

in Table 4.8. On VIST, MiniGPT-5 (Qwen2.5-VL+SD3) outperforms both SD3 alone

and MiniGPT-5 (MiniGPT-4+SD2.1), indicating that stronger backbones translate into

better interleaved coherence through our voken-to-diffusion interface. With the generator

őxed (SD 2.1), swapping MiniGPT-4 for LLaVA-1.5 yields comparable VIST results and

a modest improvement on CC3M, suggesting robustness to the choice of MLLM. On

CC3M, unimodal T2I baselines achieve the best single-turn extremes, while MiniGPT-5

(Qwen2.5-VL+SD3) remains competitive and uniquely supports interleaved generation;

the residual gap likely stems from the added mapping from LLM states to diffusion

conditions and our objective emphasizing interleaving rather than single-turn T2I. Overall,

gains on VIST persist across MLLMs and improve with a stronger generator, supporting

that our contributions are orthogonal to speciőc backbones yet beneőt from newer ones.

§ 4.5. Conclusion

We introduce MiniGPT-5, designed to augment the capabilities of LLMs for multimodal

generation by aligning the LLM with a pretrained text-to-image generation model. Our

approach demonstrates substantial improvements. The limitation of MiniGPT-5 is that we

still őnd the object texture is hard to maintain in the new generation. Through this work,

we aspire to set a new benchmark for existing and future multimodal generative models,

opening doors to applications previously deemed challenging due to the disjointed nature

of existing image and text synthesis paradigms.
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Figure 4.3.: Qualitative examples from MiniGPT-5 and baselines on the VIST and
MMDialog datasets. The orange blocks indicate the input prompts, while the
green blocks include model outputs. The comparisons show that MiniGPT-5
can produce coherent and high-quality multimodal output. We would like to
emphasize that MiniGPT-5 does not use any caption data during őne-tuning
on VIST and MMDialog, which obeys to our description-free settings. More
qualitative examples can be found in the Appendix C.3.
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Part III.

Generative 3D World Construction
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The őnal part extends the composition view from 2D into 3D. Coherent 3D scene

generation from a single image is harder than image generation because geometry,

layout, texture, and cross-view consistency must hold simultaneously, and large-scale

3D training data is scarce. Pretrained object-centric 3D generators now produce strong

isolated assets, but applying them directly to full scenes causes layout drift, resolution

collapse, and texture inconsistency.

The two chapters here take complementary, training-free approaches that compose

pretrained 3D, depth, and video models. SceneFuse-3D (Chapter 5) treats scene

generation as a single-pass spatial composition problem: it decomposes the scene into

overlapping regions, delegates each region to a pretrained object-centric generator, uses

pretrained depth and detection models to set up spatial priors, and applies a masked

rectiőed ŕow procedure to glue the regions into a globally coherent whole. EvoScene

(Chapter 6) instead introduces an iterative interface, cycling between spatial prior

initialization, pretrained 3D mesh generation, and spatial-guided novel view synthesis

through a pretrained depth-conditioned video diffusion model, so that geometry and

appearance progressively correct each other. Together they argue that scene-level 3D

generation does not require training a new large-scale 3D backbone; it can be built by

composing pretrained 2D and 3D priors under spatial and iterative interfaces, completing

the composition-based view of embodied world modeling developed in this dissertation.
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Constructing A 3D Scene from a Single Image

§ 5.1. Introduction

Constructing 3D scene environments serves as an essential component in simulation,

robotics, digital content creation, and virtual world building. They enable scalable

training for autonomous agents, immersive game environments, and rapid digital twin

construction. However, constructing detailed and coherent 3D scenes typically requires

either expensive 3D scanning equipment, multi-view data collection, or labor-intensive

modeling. In contrast, generating 3D scenes from a single top-down image offers a

lightweight and accessible alternative, making it possible to bootstrap comprehensive

environments from minimal input.

Despite its appeal, generating a coherent and complex 3D scene from a single

image presents several fundamental challenges. First, the synthesized scene must

exhibit consistent geometry across novel views, which is difficult for pure volumetric

rendering methods such as Neural Radiance Fields (NeRF) [12] or 3D Gaussian Splatting

(3DGS) [13]. While these techniques excel at photorealistic appearance modeling, they
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Reference Image

SceneFuse-3D (Ours) Hunyuan3D-2

Trellis TripoSG

"Snow Town"

"Mediterranean Village"

"Netherlands-style Town"

Diverse Generation from
SceneFuse-3D(Ours)

Coherent Generation
from SceneFuse-3D(Ours)

Figure 5.1.: 3D Scene Generation from a Single Image. Given a top-down reference
image (center), SceneFuse-3D generates coherent and realistic 3D scenes
that preserve geometry, texture, and layout compared to other state-of-the-art
end-to-end image-to-3D generation models. Our method also generalizes
across diverse styles (right), producing high-quality outputs without any 3D
training.

often suffer from geometry artifacts, especially in occluded or sparsely visible regions,

leading to multiview inconsistencies and structural implausibility [154ś157]. Second,

the global layout of the generated scene must remain faithful to the input image. This is

particularly challenging when considering the entire scene as a single asset and utilizing

image-to-3D asset generators [6ś8], which often fail to preserve the spatial relationships

between elements, resulting in distorted or semantically misaligned arrangements. Third,

the local ődelity of individual objects should align closely with the visual evidence in

the input. Due to the resolution constraints of 3D representations and the domain shift
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from object-level training to scene-level inference, previous image-to-3D generators are

prone to producing low-quality meshes and misaligning textures.

To address these challenges, we propose SceneFuse-3D, a training-free framework

for generating complex 3D scenes from a single top-down image, by enhancing the

capability of image-to-3D object generators. Our method combines two core components:

region-based generation and spatial-aware 3D inpainting. Each targets speciőc challenges

in existing pipelines. We divide the scene into overlapping regions and synthesize each

independently. This modular approach enables spatial upscaling and improves local

alignment by grounding generation on localized image crops. To maintain global

coherence and object continuity across regions, we estimate a coarse 3D structure from

monocular depth and landmark detection, forming a spatial prior. A masked rectiőed ŕow

mechanism then completes missing parts while preserving known content, enhancing

structural consistency and object-level ődelity throughout the scene.

Through extensive experiments, we demonstrate that SceneFuse-3D generates realistic,

diverse, and geometrically consistent 3D scenes from a single top-down image. Our

method signiőcantly outperforms strong baselines, including Trellis [6], Hunyuan3D-

2 [7], TripoSG [8], and LGM [158], across both human preference and GPT-based

evaluations. Quantitative results show notable gains in geometry quality, layout coherence,

and texture ődelity, while qualitative comparisons highlight SceneFuse-3D’s ability

to preserve spatial structure and őne-grained detail. These results underscore the

effectiveness of our modular, training-free approach to 3D scene synthesis.

Our main contributions are summarized as follows:

• We propose SceneFuse-3D, a training-free framework for generating structured

3D scenes from a single top-down image, leveraging pretrained object-centric
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generators for zero-shot scene asset synthesis.

• We develop a modular generation strategy that combines region-wise latent

synthesis with spatial-aware 3D inpainting, effectively addressing resolution

bottlenecks, image-geometry misalignment, and inter-region inconsistency.

• We conduct comprehensive evaluations on diverse scenes and show that SceneFuse-

3D outperforms state-of-the-art baselines in geometry quality, layout coherence,

and texture realism under both human and GPT-4o-based assessments.

§ 5.2. Related Work

3D Scene Generation with 2D Generative Models Progress in 2D generative mod-

els [115,118,159,160] has enabled pipelines that outpaint views and then reconstruct

3D via depth fusion or volumetric representations such as NeRF [12] and 3DGS [13].

Early work focused on indoor scenes [161ś164], with later methods tackling natu-

ral scenes [154, 155, 165, 166] and improving reconstruction through stronger depth

pipelines [156, 157, 167ś171]. Despite compelling renders, these approaches often

exhibit geometric inconsistency due to hallucinations, especially in occluded regions.

Panoramic [172ś176] and multiview generation [177ś179] improve coverage but typ-

ically restrict camera motion and still struggle with accurate geometry. Concurrently,

Syncity [180] assembles block-wise 3D generations yet produces compact layouts and

does not take full scene images as input. In contrast, we directly generate geometry-

consistent scene assets with arbitrary layout from a single top-down image.
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3D Scene Generative Model Beyond 2D-to-3D pipelines, recent work directly gener-

ates scenes in native 3D. One line uses LLMs [181ś185] or diffusion models [186ś190]

to predict scene layouts that are then populated with assets. These methods yield

semantically plausible arrangements but are often limited to predeőned categories,

struggle with coherent background geometry, and can suffer inter-object collisions. A

separate line models scenes directly in latent 3D spaces [191ś198], e.g., BlockFusion’s

triplane blocks [191] and LT3SD/XCube’s TUDF/voxel representations [192,193]. While

architecturally strong, these approaches require large, domain-speciőc 3D datasets (e.g.,

indoor rooms or urban layouts), limiting generalization to unseen scene types. In contrast,

our method is training-free and modular, generating diverse 3D scene assets directly

from a single top-down image.

Image-to-3D Asset Generation A parallel line of work generates single 3D assets from

one image. Early methods combine 2D diffusion with NeRF/3DGS optimization [158,

199ś203] but often trade speed for geometry ődelity. Newer approaches directly

generate 3D latents via diffusion [204ś208], and rectiőed-ŕow models further improve

quality/efficiency [6ś8, 209]. However, these methods are trained on large object-centric

datasets (e.g., Objaverse-XL [210]), so applying them to full scenes faces limited 3D

resolution and domain shift between objects and scenes, leading to spatial inconsistencies

and layout hallucinations. We build on pretrained rectiőed-ŕow generators [6] and

mitigate these issues with a region-based strategy plus spatial-aware 3D inpainting,

yielding scene assets with high geometric ődelity and global layout coherence from a

single top-down image.
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Reference Image

Point Cloud Foreground
Landmarks

Inital Scene Structured Latent

Region1 Region2 Region N

...

Final Scene Structured Latent

3D Scene Asset

Spatial Prior Initialization Region-based Generation & Fusion

Region Reference Image

Initial Region
Structured Latent

Structured
Latent

Generator

Region Structured Latent
(W/O Local Features) Region Structured Latent

Region Extraction

Region Fusion

Spatial-aware 3D Completion for Single Region

3D Region Asset

Sparse
Structure
Generator

Figure 5.2.: Overview of the SceneFuse-3D Pipeline. Given a single top-down image,
we őrst estimate a coarse scene structure via monocular depth and landmark
extraction to initialize the scene latent (Spatial Prior Initialization). The
scene is divided into overlapping regions for localized synthesis and pro-
gressively fused into a coherent global latent (Region-based Generation

& Fusion). Each region is completed using a two-stage masked rectiőed
ŕow pipeline with a sparse structure generator G𝑠 and a structured latent
generator G𝐿 (Spatial-aware 3D Completion). The őnal 3D scene is decoded
from the completed structured latent.

§ 5.3. Method

Given a single top-down image of an unknown scene, our objective is to synthesize a

high-quality 3D scene that is geometrically and visually consistent with the input view.

Figure 5.2 illustrates an overview of our pipeline.

From the scene image, we őrst construct the scene latents with structured latent

representations (Sec. 5.3.1) from spatial priors (Sec. 5.3.2). Then, we divide the scene-

level latent into region-level latents for sequential processing. For each region, we extract
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the latents from the latest scene-level structured latents and take those as priors for

spatial-aware 3D completion (Sec. 5.3.3) by using the base 3D generator, Trellis [6].

Later, we fuse the updated region latents to the scene latents for cross-region consistency

(Sec. 5.3.4). After őnishing all regions, we leverage pretrained object decoders on the

complete scene structured latents to obtain a 3D scene asset. Details are explained below.

5.3.1. Structured Latent Representation

To leverage the pretrained knowledge of the base 3D generator, we construct the scene

with a structured latent representation 𝑧 [6]:

(5.3.1) 𝑧 = {(𝑝𝑖, 𝑓𝑖)}
𝐿
𝑖=1, 𝑝𝑖 ∈ {0, 1, . . . , 𝐾 − 1}3, 𝑓𝑖 ∈ ℝ

𝐶 ,

where 𝑝𝑖 denotes the positional index of an active voxel in the 3D grid, and 𝑓𝑖 represents

the associated latent feature vector of dimension 𝐶. Here, 𝐾 is the resolution of the

voxel grid, and 𝐿 is the total number of active voxels. In general, 𝑝𝑖 captures the coarse

structural layout of the object, while 𝑓𝑖 encodes őne-grained local appearance and shape

information. For the pretrained models, the resolution 𝐾 should be equal to 𝑁 = 64. To

upscale the resolution for the scene, we construct scene structured latents with resolution

𝑀, where 𝑀 > 𝑁 (𝑀 = 2𝑁 by default).

For the general image-to-3D asset generation, there are two pretrained rectiőed

ŕow transformers: a sparse structure generator G𝑠 and a structured latent generator

G𝐿. At inference time, G𝑠 őrst generates the active voxel positions {𝑝𝑖}𝐿 from the

noisy grids 𝑉𝑇 with Gaussian noise. These positions are then used by G𝐿 to generate

the corresponding latent features { 𝑓𝑖}𝐿 from noisy features 𝐹𝑇 . Both generators are

conditioned on an input image condition 𝐶𝐼 , encoded by DINOv2 [211]. Finally, the
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structured latent representation 𝑧 is decoded into a 3D object 𝑂 using object decoders,

which include different sparse 3D VAE decoders for 3D Gaussians, Radiance Fields, and

mesh generation. The overall process is described as follows:

{𝑝𝑖}
𝐿
= G𝑠(𝑉𝑇 | 𝐶𝐼), 𝑉𝑇 ∼ N(0, 𝐼)

[𝑁,𝑁,𝑁](5.3.2)

{ 𝑓𝑖}
𝐿
= G𝐿(𝐹𝑇 | 𝐶𝐼 , {𝑝𝑖}

𝐿), 𝐹𝑇 ∼ N(0, 𝐼)
[𝐿,𝐶](5.3.3)

𝑂 = ObjectDecoder(𝑧), 𝑧 = {(𝑝𝑖, 𝑓𝑖)}
𝐿
𝑖=1(5.3.4)

5.3.2. Spatial Prior Initialization

Given a top-down image, the image-to-3D generator may produce outputs in arbitrary

orientations. To resolve this ambiguity and provide a consistent structural prior, we

initialize the scene using point clouds. Speciőcally, we employ a monocular depth

estimator [212] to predict a depth image and infer camera parameters, from which we

construct pixel-wise point clouds. Due to occlusions, these point clouds contain missing

regions, which will later be őlled by the image-to-3D generator.

However, occluded areas of complex objects (e.g., buildings) may have multiple

plausible completions. To enforce cross-region consistency in such cases, we propose

őrst generating landmark objects independently and then conditioning subsequent

generations on their geometry. To achieve this, we use Florence2 [213] to propose

landmark bounding boxes and SAM2 [214] to extract instance masks. Each detected

landmark is then processed individually using the 3D generator to obtain instance-level

meshes. These meshes are aligned with the raw point clouds using ICP [215], replacing

the original landmark regions with mesh-derived point clouds.

After normalization, we voxelize the aggregated scene point clouds at resolution 𝑀 to
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obtain the initial voxelized scene, including foreground voxels 𝑉 𝑓

0
, background voxels 𝑉𝑏

0
,

and the full scene voxel set 𝑉0:

(5.3.5) 𝑉0 = {𝑉𝑏0 , 𝑉
𝑓

0
} = {𝑝𝑖}

𝐿, 𝑝𝑖 ∈ {0, 1, . . . , 𝑀 − 1}3

Finally, we initialize the corresponding voxel features 𝐹0 as zeros and construct the initial

structured latent representation for the scene as 𝑧0 = {(𝑉0, 𝐹0)}, shown in the top-left of

Figure 5.2.

5.3.3. Region-based Generation

We adopt a region-based strategy to overcome the limitations of applying pretrained

object-centric 3D generators directly to full scenes. These models are trained on

single-object data, where each object occupies the full latent space at a őxed resolution

𝑁. When extended to an entire scene, this limited capacity results in low-resolution

geometry and missing details. Moreover, direct scene-level generation from a single

top-down image often leads to layout distortions and semantic hallucinations, as the

model struggles to maintain spatial relationships or align 3D content with image cues.

To address this, we divide the scene into overlapping regions and condition each on its

corresponding image crop, enabling locally grounded and high-ődelity generation.

To implement this, we divide the initial scene voxel grid 𝑉0 (of resolution 𝑀) into

a set of overlapping region-level subgrids {𝑉 (𝑟)
0
}𝑅
𝑟=1

, each with shape 𝑁3, where 𝑁 is

the resolution used by the pretrained 3D generator. For each region 𝑟, we also extract

the corresponding image crop to obtain a localized image conditioning input 𝐶 (𝑟)
𝐼

. This

ensures that the generation in each region is locally grounded in the image evidence.
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Spatial-aware 3D Completion While region-based generation improves local ődelity,

it introduces a new challenge: how to maintain global consistency, especially across

overlapping regions. Furthermore, since the 3D generator may create assets from any

orientation, we need to alleviate the misalignment between image conditions and region

latents to enable further region fusion. To address these challenges, we draw inspiration

from training-free inpainting methods in 2D diffusion models, such as RePaint [216], and

adapt a similar approach for 3D generation. We propose to use a masked rectiőed ŕow

pipeline for 3D completion, which treats the partially completed global scene latent as a

constraint and performs conditional generation over the current region by completing

only the unknown parts.

Given a region-level subgrids 𝑉 (𝑟)
0

, we designate known active voxels as positions

{𝑝
(𝑟)

𝑖,0
}𝐿𝑟,0 with corresponding latent features { 𝑓 (𝑟)

𝑖,0
}𝐿𝑟,0 . For the coarse structure generation,

we deőne a binary mask 𝑚
(𝑟)
𝑠 where inactive voxels are marked for regeneration. We

use the sparse structure generator G𝑠 to complete the region structure and obtain active

voxel positions {𝑝(𝑟)
𝑖
}𝐿𝑟 . Next, for the őne-grained local features generation, we retain

original features for positions overlapping with known voxels; otherwise, features

are initialized with Gaussian noise. A second binary mask 𝑚
(𝑟)
𝐿

identiőes unknown

features for regeneration. We then use the structured latent generator G𝐿 to obtain the

inpainted local features { 𝑓 (𝑟)
𝑖
}𝐿𝑟 . Finally, we can construct the region structured latent

𝑧(𝑟) = {(𝑝
(𝑟)

𝑖
, 𝑓
(𝑟)

𝑖
)}𝐿𝑟 . These two completions both leverage the masked rectiőed ŕow

pipeline (Details in the next paragraph). The whole process is shown at the bottom of
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Figure 5.2 and can be formally written as follows:

{𝑝
(𝑟)

𝑖
}𝐿𝑟 = G𝑠(𝑉𝑇 |𝐶

(𝑟)
𝐼
, {𝑝
(𝑟)

𝑖,0
}𝐿𝑟,0 , 𝑚

(𝑟)
𝑠 ), 𝑉𝑇 ∼ N(0, 𝐼)

[𝑁,𝑁,𝑁](5.3.6)

{ 𝑓
(𝑟)

𝑖
}𝐿𝑟 = G𝐿(𝐹𝑇 |𝐶

(𝑟)
𝐼
, {𝑝
(𝑟)

𝑖
}𝐿𝑟 , { 𝑓

(𝑟)

𝑖,0
}𝐿𝑟,0 , 𝑚

(𝑟)
𝐿
), 𝐹𝑇 ∼ N(0, 𝐼)

[𝐿𝑟 ,𝐶](5.3.7)

𝑧(𝑟) = {(𝑝
(𝑟)

𝑖
, 𝑓
(𝑟)

𝑖
)}𝐿𝑟(5.3.8)

Masked Rectiőed Flow for Completion We adopt a masked generation strategy based

on rectiőed ŕow to complete the unknown regions of a structured 3D latent. Let 𝑥known

denote the known latent values to preserve, and let 𝑚 ∈ {0, 1} be a binary mask that

indicates which parts of the latent should be regenerated (𝑚 = 1) and which should

remain őxed (𝑚 = 0).

We initialize the latent variable 𝑥𝑇 ∼ N(0, 𝐼) with Gaussian noise, representing the

unknown region at the őnal time step. For each timestep 𝑡 = 𝑇, 𝑇−1, . . . , 1, we perform

𝑈 resampling steps to improve stability and smoothness [216]. At each resampling

iteration 𝑢, we őrst compute the ŕow őeld 𝑣𝜃(𝑥𝑡, 𝑡) using the rectiőed ŕow model and

apply an Euler update to obtain the intermediate latent:

(5.3.9) 𝑥𝑡prev = 𝑥𝑡 − Δ𝑡 · 𝑣𝜃(𝑥𝑡, 𝑡), where Δ𝑡 = 1.

We then re-noise the known region using a forward noise operator:

(5.3.10) forward_step(𝑥, 𝑡) = (1− 𝑡) · 𝑥 + [𝜎min + (1 − 𝜎min) · 𝑡] · 𝜖, 𝜖 ∼ N(0, 𝐼),

and merge it back into the latent using the mask 𝑚:

(5.3.11) 𝑥𝑡prev ← 𝑚 ⊙ 𝑥𝑡prev + (1 − 𝑚) ⊙ forward_step(𝑥known, 𝑡prev).
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𝜎min denotes the minimum noise scale used by the pretrained rectiőed model.

If 𝑡 > 1 and the latent needs to be resampled, we apply additional forward noise to the

merged latent: 𝑥𝑡 ← forward_step(𝑥𝑡prev , Δ𝑡).

Otherwise, we simply continue with 𝑥𝑡 ← 𝑥𝑡prev . This masked rectiőed ŕow process

iterates until 𝑡 = 0, at which point the completed latent 𝑥0 is returned. The full procedure

is outlined in Algorithm 5 in Appendix D.2.

5.3.4. Region Fusion

For each generated region, we update the scene-level structured latent 𝑧0 by replacing the

corresponding part with the region-level latent 𝑧(𝑟) . Because regions are extracted using

a patchiőcation strategy, some may contain only partial observations of foreground land-

marks. To preserve landmark integrity, we discard those structured latents corresponding

to partial foregrounds during fusion.

Each region is extracted from the latest version of the scene-level latent, ensuring

consistency across regions. If a region overlaps with previously generated ones, its

overlapping voxels are constrained to match the existing content during generation. This

enforces continuity and avoids inconsistencies in overlapping areas, leading to smooth

transitions between adjacent regions while preserving already synthesized content.

Once all regions have been processed, the őnal scene-level latent is decoded using

object decoders to produce scene-level meshes and 3D Gaussians. The complete textured

scene is then rendered using a combination of physically based rendering (PBR) baking

and Gaussian Splatting. Additional implementation details, including the patchiőcation

strategy, are provided in Appendix D.2.
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§ 5.4. Experiments

5.4.1. Experimental Setup

Benchmark To the best of our knowledge, there is no established benchmark for 3D

outdoor scene mesh generation from single images. Therefore, we construct a custom

test set by prompting GPT-4o [217] to generate 100 diverse top-down scene images in a

variety of styles, such as "snow village," "desert town," and more. The generation details

can be found in Appendix D.3.

Metrics Without ground-truth meshes, we evaluate pairwise model comparisons per

reference image on three criteria, geometry quality, layout coherence, and texture

coherence, assessing detail ődelity, spatial arrangement, and textureśimage alignment,

respectively. Each pair is annotated by two AMT workers to yield a human-preference

win rate. We also report a GPT-4o weighted win rate: given the same pair, GPT-4o

outputs token probabilities for "A/B"; we use the probability of the chosen option as a

soft vote and average over pairs. All scenes are rendered to RGB images with identical

Blender settings; further GPT prompt details appear in Appendix D.3. Additionally,

we report rendered-view image metrics between each method’s render and its reference

image: CLIP similarity (openai/clip-vit-base-patch32, higher is better) and

FID (Inception-V3, lower is better), averaged over the test set; these complement the

human/GPT criteria by measuring image-level ődelity.

Baselines We compare SceneFuse-3D with four image-to-3D generation methods:

Trellis [6], Hunyuan3D-2 [7], TripoSG [8], and LGM [158]. While Trellis, Hunyuan3D-2

and TripoSG represent the state-of-the-art end-to-end 3D transformer models, LGM

represents the multi-view generation-based 3D generator. All models are evaluated in
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Table 5.1.: Quantitative comparisons of SceneFuse-3D and baselines. We report
human preference win rates and GPT-4o-based weighted win rates (%) across
geometry, layout, and texture quality. SceneFuse-3D consistently outperforms
all baselines by large margins in both evaluations.

Human Preference Win Rate (Percentage) GPT-4o-based Weighted Win Rate (Percentage)

Models Geometry Quality Layout Coherence Texture Coherence Geometry Quality Layout Coherence Texture Coherence

Trellis [6] 31.50% 30.00% 33.00% 17.58% 19.04% 14.75%
SceneFuse-3D (Ours) 68.50% 70.00% 67.00% 82.42% 80.96% 85.25%

Hunyuan3D-2 [7] 33.50% 33.50% 31.50% 11.66% 12.13% 7.67%
SceneFuse-3D (Ours) 66.50% 66.50% 88.34% 88.34% 87.87% 92.33%

TripoSG [8] 22.50% 23.00% 26.00% 24.60% 22.34% 22.79%
SceneFuse-3D (Ours) 77.50% 77.00% 74.00% 75.40% 77.66% 77.21%

LGM [158] 0.00% 0.00% 0.00% 0.60% 0.00% 0.00%
SceneFuse-3D (Ours) 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

a zero-shot setting using official pretrained checkpoints. To ensure fair comparison,

background removal is disabled, and the full input image is encoded for all methods. We

also experimented with the progressive novel-view method WonderWorld [218]. As it

does not yield a consistent editable mesh, it is not included in our mesh-based quantitative

tables; we provide qualitative comparisons and discussion in Appendix D.1.2.

5.4.2. Main Results

Table 5.1, 5.2 and Figure 5.3 present the main quantitative and qualitative comparisons

between SceneFuse-3D and baseline methods. The results clearly demonstrate that

SceneFuse-3D consistently outperforms Trellis [6], Hunyuan3D-2 [7], TripoSG [8], and

LGM [158] across geometry, layout, and texture quality, as evaluated by both human

annotators and GPT-4o. These improvements can be attributed to our region-based

design and spatially guided generation strategy, which together promote better alignment

between image features and 3D content, while preserving scene-wide consistency.
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Reference Image SceneFuse-3D Trellis Hunyuan3D-2 TripoSG LGM

Figure 5.3.: Qualitative comparisons between SceneFuse-3D and baselines. Given
a single top-down image (left column), we compare 3D scene outputs
generated by SceneFuse-3D, Trellis [6], Hunyuan3D-2 [7], TripoSG [8],
and LGM [158]. SceneFuse-3D consistently produces globally coherent
scenes with őne-grained geometry, accurate object layouts, and realistic
textures across a variety of styles and environments. In contrast, Trellis often
produces oversimpliőed geometry; Hunyuan3D-2 suffers from structural
inconsistencies and domain mismatch; TripoSG exhibits repetition artifacts
and layout drift; LGM cannot generate consistent multi-view scene images
for 3D construction.

Quantitative Analysis SceneFuse-3D’s region-wise decomposition aligns each latent

block with a localized image crop, reducing the domain gap between object-centric

training and scene-level inference. This design boosts texture ődelity, with GPT-4o

assigning a 92.3% win rate versus only 7.7% for Hunyuan3D-2. The upscaled resolution

further enhances structural detail, reŕected in geometry improvements of +37 points over

Trellis (68.5% vs. 31.5%) and +55 points over TripoSG (77.5% vs. 22.5%). Spatial priors

and masked 3D inpainting stabilize layouts and smooth inter-region transitions, yielding
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higher layout coherence (70.0% vs. 30.0% for Trellis in human study; 87.9% vs. 12.1%

for Hunyuan3D-2 in GPT-4o evaluation). LGM, leveraging multi-view image generation,

fails to provide consistent geometry in this setting and collapses to oversimpliőed outputs.

Rendered-view metrics in Table 5.2 support these őndings. SceneFuse-3D achieves

the highest CLIP similarity (0.8030), indicating stronger semantic and visual alignment

with the input than all baselines. It also records the best FID (258.74), showing the

closest distributional match in image structure, while Trellis follows at 288.23, and the

others exceed 300. Together, these results conőrm that SceneFuse-3D not only excels

in human and GPT-4o preference studies but also in reference-based image metrics,

underscoring its advantages in both semantic ődelity and distributional realism.

Qualitative Analysis Qualitatively, SceneFuse-3D produces scene assets with clear

structure, consistent layout, and őne-grained surface details that closely match the

reference top-down image. In contrast, Trellis often generates overly centralized, low-

resolution structures and lacks peripheral detail. Hunyuan3D-2 exhibits notable issues

with layout distortion and geometry hallucinations despite acceptable textures in isolated

parts. TripoSG maintains some compositional structure but frequently introduces

repeated objects and ignores the layout evidence within the reference image. LGM can

only produce a hollow cube with the scene texture mapped onto its faces. SceneFuse-3D’s

region-wise generation and spatial inpainting pipeline helps it avoid these artifacts while

maintaining both global coherence and local ődelity.

These őndings conőrm that spatial decomposition and prior-guided inpainting are

effective principles for lifting single-view image inputs into coherent, high-quality 3D

scenes. Additional qualitative comparisons are available in Figure D.1 in Appendix D.1.1.
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Table 5.2.: Rendered-view metrics on the reference images. CLIP similarity and FID
are computed between each method’s render and the corresponding reference
image.

Models CLIP ↑ FID ↓

SceneFuse-3D (Ours) 0.8030 258.74

Trellis [6] 0.7760 288.23
Hunyuan3D-2 [7] 0.7716 302.26
TripoSG [8] 0.7203 353.78
LGM [158] 0.7510 353.86

Table 5.3.: Ablation Study Results. Win rates for geometry, layout, and texture show
that removing region-based generation or landmark conditioning degrades
performance, highlighting the importance of both components in SceneFuse-
3D.

Human Preference Win Rate (Percentage) GPT-4o-based Weighted Win Rate (Percentage)

Models Geometry Quality Layout Coherence Texture Coherence Geometry Quality Layout Coherence Texture Coherence

SceneFuse-3D (w/o regions) 20.00% 17.00% 13.50% 6.11% 8.48% 6.08%
SceneFuse-3D 80.00% 83.00% 86.50% 92.89% 91.52% 92.92%

SceneFuse-3D (w/o landmarks) 41.50% 46.00% 42.00% 36.90% 44.21% 38.26%
SceneFuse-3D 59.50% 54.00% 58.00% 64.10% 56.79% 61.74%

Reference Image SceneFuse-3D SceneFuse-3D
(w/o Landmarks)

SceneFuse-3D
(w/o Regions)

Figure 5.4.: Qualitative Ablation Results. Left: Reference image. Middle: SceneFuse-
3D without landmark conditioning. Right: SceneFuse-3D without region-
based generation. Landmark conditioning ensures consistency for foreground
objects, especially for objects across regions, while region-based generation
preserves overall detail and coherence.

5.4.3. Ablation Study

We conduct ablation studies to evaluate the contributions of key components in SceneFuse-

3D: the region-based generation strategy and the use of pre-generated landmarks. Both

ablation studies still apply the spatial-aware 3D completion. Quantitative results are

shown in Table 5.3, and qualitative comparisons are illustrated in Figure 5.4.
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Without Region-Based Generation In this setting, the entire scene latent is directly

passed into the pretrained 3D generator, without being split into localized regions. This

leads to severe performance drops across all metrics. The results suggest that holistic

generation fails to make full use of the pretrained model’s capacity, which was originally

trained on single-object inputs. Without localized conditioning, the model struggles to

resolve spatial context and image-to-3D correspondence, producing low-resolution and

spatially incoherent outputs. As illustrated in Figure 5.4 (right), buildings lose structural

sharpness and alignment, and the overall layout becomes underspeciőed.

Without Landmark Conditioning Removing landmark-aware initialization (depth-

only prior) degrades geometry and layout, especially around large foreground structures

(e.g., gates/towers). Landmarks act as semantic and geometric anchors across patches:

they őx orientation/scale and provide reliable context for masked completion. Without

them, region completions drift at boundaries, yielding duplicated facades or misaligned

parts across neighboring patches (Fig. 5.4, middle).

Overall, these ablations show complementary roles: region-wise decomposition keeps

generation within the base model’s effective receptive őeld and preserves local detail,

while landmark anchors enforce cross-patch continuity and stabilize global structureÐ

both are necessary for coherent, high-ődelity scenes.

§ 5.5. Conclusion

To address the challenge of generating high-quality, coherent 3D scenes from a single

image, we proposed SceneFuse-3D, a training-free framework that decomposes scenes

93



Chapter 5. Constructing A 3D Scene from a Single Image

into overlapping regions and guides generation with spatial priors. A spatial-aware 3D

completion with masked rectiőed ŕow preserves local object ődelity while enforcing

global coherence. Empirically, SceneFuse-3D outperforms existing methods across

geometry, texture, and layout, underscoring the promise of modular, spatially grounded

generation for stereotype 3D scene synthesis from minimal input.
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Self-Evolving 3D Scene Generation from a

Single Image

§ 6.1. Introduction

Games, őlms, animation, simulation, and many other digital applications rely heavily on

high-quality 3D visuals. While recent video generation models can take a single image

and render visuals as if a full 3D scene existed, their outputs remain purely image-space:

they lack consistent geometry, exhibit viewpoint-dependent drift, and cannot be converted

into editable or physically grounded 3D assets. In practice, producing such 3D assets still

requires extensive manual modeling and texturing, which demands signiőcant artistic

effort and is difficult to scale. This makes an automated approach for generating complete

3D scenes from a single image highly desirable.

Despite its appeal, single-image 3D scene generation remains fundamentally chal-

lenging. Limited observations constrain coverage: methods [219ś221] that synthesize

novel views along a őxed camera path leave large portions of the scene unseen, leading

to holes or hallucinated regions with weak geometric grounding. Ensuring high-
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Mesh

Videos

(B) Visual-guided 
3D Scene Mesh

Generation (C) Spatial-guided
Novel View
Generation

Reference Image 3D Scene MeshEvoScene

(A) Spatial Prior
Initialization

Figure 6.1.: Self-evolving 3D scene generation from a single image. Given a single
input photograph, EvoScene progressively builds a complete 3D scene
through a virtuous cycle where geometry and appearance mutually reőne
each other. Our method synthesizes photorealistic novel views and produces
high-quality 3D representations (Gaussians and meshes) with substantially
improved angular coverage and completeness. Project page: https://
eric-ai-lab.github.io/evoscene.github.io/

resolution, globally consistent textures adds further difficulty. Existing image-to-3D

generators [6ś8, 222], predominantly trained on object-level data, struggle when scaled

to complex scenes, producing coarse geometry and misaligned or blurry textures. Exten-

sions [180,223, 224] that operate on overlapping latent patches expand spatial coverage

but still suffer from texture seams and inconsistent őne details. End-to-end scene

generation models [191,192] attempt a direct mapping from images to 3D scenes, but

the scarcity of diverse, high-quality scene datasets restricts them to narrow domains and

limits their general applicability.

To address these challenges, we propose a self-evolving, iterative pipeline, EvoScene,

that progressively improves the 3D scene rather than attempting to recover everything

from a single pass, shown in Figure 6.1. EvoScene operates by cycling through three

stages: In Stage A, Spatial Prior Initialization, EvoScene builds a spatial prior, a coarse

geometric representation of the scene, by estimating depth from the 2D scene images

(initially the input image) and fusing it into a point cloud. This step provides an initial

understanding of the scene’s layout and major structures. In Stage B, Visual-guided 3D
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Scene Mesh Generation, the point-cloud prior is lifted into an explicit 3D mesh using an

existing 3D generation model. This mesh captures key surfaces and topology, forming

a stable geometric scaffold with editable textures. In Stage C, Spatial-guided Novel

View Generation, the reconstructed mesh guides a video generation model to synthesize

new multi-view images that reveal unseen regions and supply additional structure and

appearance cues. These new views are then fed back into the next iteration, allowing

geometry and texture to improve step by step.

The entire pipeline is training-free, combining complementary knowledge already

learned by existing models through its stages. The stages that lift 2D observations into

3D structure (Stages A and B) leverage the geometric reasoning of depth estimation and

a 3D generation model to produce a consistent scene-level mesh. The stage that converts

this mesh into synthesized multi-view imagery (Stage C) draws on the visual and textural

knowledge of a video generation model to achieve detailed, view-consistent appearances

beyond mesh-resolution limits. Together, these stages provide wide viewpoint coverage,

reliable structure, and high-quality textures in a 3D mesh representation ready for

downstream use.

Through extensive experiments across diverse scenes, we demonstrate that EvoScene

produces complete textured 3D scene meshes with superior geometric quality, spatial

layout coherence, and photorealistic appearance compared to state-of-the-art image-to-3D

baselines, achieving human preference win rates of 78.5%-90.5% across all evaluation

criteria. Ablations validate the importance of our core design choices, conőrming that

both iterative geometry-appearance co-evolution and depth-conditioned video guidance

are essential for achieving high-quality scene generation. Both quantitative metrics and

qualitative comparisons highlight EvoScene’s ability to generate geometrically consistent
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scenes with őne-grained details across varying complexity.

Our main contributions are:

• We propose EvoScene, a self-evolving framework for single-image 3D scene

generation that progressively expands spatial coverage and reőnes complete

textured meshes through iterative cycles between geometry and appearance across

2D and 3D domains.

• We introduce a three-stage modular design that synergistically combines point-

cloud spatial priors, SLAT-based 3D diffusion for mesh generation, and depth-

conditioned video generation, enabling effective integration of geometric knowl-

edge from 3D models with visual priors from video models.

• Comprehensive experiments with human preference and GPT-4o-based evalua-

tions on diverse scenes demonstrate that EvoScene achieves superior geometric

completeness, layout coherence, and texture ődelity compared to state-of-the-art

image-to-3D baselines, with ablations conőrming substantial improvements over

pose-only world-model variants.

§ 6.2. Related Work

Image-to-3D Scene Generation While object-level image-to-3D methods [6ś8, 158,

199ś203,222] achieve impressive reconstruction quality, they struggle when scaled to

complex scenes due to limited spatial coverage. Scene-level generation requires handling

larger spatial extents and maintaining global coherence. Neural scene representations

like NeRF [12] and 3D Gaussians [13] provide powerful rendering frameworks. Recent

approaches leverage 2D diffusion models [115,118,159,160] to outpaint novel views
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and reconstruct via depth fusion or volumetric representations. Early work focused

on indoor scenes [161ś164], with later methods tackling natural scenes [154ś157,

165ś171]. Panoramic [172ś176] and multi-view generation [177ś179] improve coverage

but typically restrict camera motion and struggle with geometric accuracy due to

hallucinations in occluded regions. Alternative approaches directly generate scenes in

native 3D through layout prediction [181ś190] or latent 3D spaces [191ś196], but often

require large domain-speciőc datasets and struggle with generalization. There are some

recent works [180,209,223ś225] that apply object-level 3D generators to scene-level

mesh synthesis without training. Critically, while these methods achieve impressive

single-pass results, they lack mechanisms to progressively reőne and expand coverage

through iterative multi-view observations, leading to incomplete spatial coverage and

limited detail in initially unseen areas. Our self-evolving approach addresses this through

geometry-appearance co-evolution across multiple iterations.

Video Generation for 3D Scene Reconstruction Video diffusion models [226ś232]

capture powerful visual priors for generating photorealistic imagery with temporal

coherence. World models extend this to novel view synthesis by conditioning on

camera trajectories [179,233ś235], enabling controllable viewpoint generation. Video

generation with 3D priors [219ś221,236,237] further incorporates depth or geometry

conditioning to improve multi-view consistency. However, these approaches face key

limitations: world models with initial depth conditioning [219ś221] are constrained by

predeőned camera trajectories that limit full scene coverage, and lack mechanisms to

accumulate scene knowledge for iterative reőnement. Mesh texturing methods [236,237]

require pre-existing complete 3D meshes rather than performing reconstruction. Unlike

these approaches that use video generation as a őnal rendering step, we leverage
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depth-conditioned video diffusion within an iterative reconstruction framework. Our

method progressively reőnes and expands scene geometry through generated multi-view

observations, accumulating spatial knowledge across iterations to achieve complete

coverage. As our ablations demonstrate, this strategy substantially outperforms pose-

only world models, producing geometrically consistent results suitable for 3D mesh

reconstruction.

Iterative and Self-Evolving Methods Iterative reőnement is widely used in 3D gen-

eration. Multi-stage pipelines separate geometry and texture generation [238ś241],

while iterative optimization methods alternate between shape and appearance [242, 243].

Recent work explicitly closes the loop between 2D and 3D domains: Ouroboros3D [244]

integrates multi-view diffusion and reconstruction in a recursive diffusion process, Cy-

cle3D [245] alternates between 2D generation and 3D reconstruction, GeoDream [246]

disentangles diffusion and cost-volume priors for iterative reőnement, and GenFu-

sion [247] leverages reconstruction-driven video diffusion. However, these methods

rely primarily on multi-view generation models for geometric reasoning, lacking ex-

plicit integration of 3D generative priors that encode structural knowledge. Unlike

prior methods, our self-evolving framework synergistically combines knowledge from

both 3D generation models (for geometric structure) and video generation models (for

photorealistic appearance): each iteration uses a 3D diffusion model to complete scene

geometry, then leverages this completed mesh to guide video synthesis for texture

generation, progressively reőning both modalities through their iterative interaction to

achieve complete scene generation from a single input image.
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§ 6.3. Method

6.3.1. Overview

Given a single input image 𝐼0, our goal is to generate a complete and view-consistent 3D

scene representation. Single-image generation is challenging due to occlusions and depth

ambiguity. We leverage two complementary sources of prior knowledge: pretrained 3D

generation models that encode geometric reasoning for plausible structure, and pretrained

video generation models that capture visual knowledge for realistic textures. Neither

alone is sufficient, as geometry-based approaches struggle with high-ődelity textures,

while video-based approaches lack explicit 3D consistency.

EvoScene addresses this through a self-evolving framework with three coupled stages

forming a virtuous cycle (Figure 6.2). Stage A: Spatial Prior Initialization extracts

geometric priors by estimating depth maps and back-projecting them into point clouds.

Stage B: Visual-guided 3D Scene Mesh Generation leverages these priors with a pretrained

3D diffusion model to generate a complete mesh őlling occluded regions. Stage C:

Spatial-guided Novel View Generation uses the mesh to guide a video generation model,

synthesizing photorealistic multi-view images from novel viewpoints. These newly

generated views are converted back into geometric priors through depth re-estimation

and fed into the next iteration. Through this cycle, geometry and appearance mutually

reőne each other, progressively evolving a single image into a complete 3D scene.

6.3.2. Self-Evolving 3D Scene Generation Stages

Let 𝑡 index the iteration number (𝑡 = 0, 1, . . . , 𝑇), 𝑆 denote voxel resolution, and 𝑃 denote

patch size. At each iteration, we maintain three key data structures that evolve throughout
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RePaint Mask
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Structure
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(B) Visual-guided 3D Scene Mesh Generation
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Depth-conditioned Video Generator
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Figure 6.2.: Overview of EvoScene. Our self-evolving framework consists of three
coupled stages that form a virtuous cycle: (A) Spatial Prior Initialization

extracts depth from 2D observations and back-projects to 3D point clouds,
providing geometric constraints. (B) Visual-guided 3D Scene Mesh Gener-

ation uses a 3D diffusion model with test-time rendering optimization to
complete the mesh guided by point cloud priors. (C) Spatial-guided Novel

View Generation renders depth from the mesh to guide depth-conditioned
video diffusion, synthesizing photorealistic multi-view images. These new
views are converted back to point clouds (via depth re-estimation and multi-
view őltering) and fed into the next iteration. This cycle progressively reőnes
geometry and appearance to produce a complete 3D scene from a single
input image.
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the process:

(i) Multi-view observationsV𝑡 = {(𝐼𝑘, 𝐶𝑘)}
𝑁𝑡
𝑘=1

, where 𝐼𝑘 are RGB images and 𝐶𝑘 are

camera parameters. Initially,V0 = {(𝐼0, 𝐶0)} contains only the input image. New views

are added in each iteration from Stage C.

(ii) Point cloud prior P𝑡 with per-point conődence scores, derived from depth estimation

and multi-view őltering. This provides sparse, metric-scale geometric constraints

extracted from the accumulated observations.

(iii) Latent 3D representation G𝑡 encoded as SLAT [6] (Structured LATent), a sparse

voxel grid where each occupied voxel stores a latent feature vector. This representation can

be decoded into explicit geometries (meshes, 3D Gaussians) for rendering, optimization,

and editing.

Each iteration consists of three coupled stages that transform data between these

representations:

(A) Spatial Prior Initialization. To build a 3D geometric understanding from 2D

observations, we extract depth information and lift it into 3D space. In the őrst iteration

(𝑡 = 0), we have only the input image 𝐼0. We apply a pretrained monocular depth

estimator to obtain a depth map 𝑑0. Using the estimated camera intrinsics 𝐾0 and

extrinsics 𝐸0, we back-project the depth map to obtain an initial point cloud:

(6.3.1) P0 = BackProject(𝑑0, 𝐾0, 𝐸0).

Each point is assigned a conődence score based on local depth gradient magnitude,

reŕecting the reliability of the depth estimation. Points in regions with smooth depth

transitions receive higher conődence, while those near depth discontinuities or uncertain
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areas receive lower conődence.

In subsequent iterations (𝑡 > 0), we have access to multi-view observations V𝑡 =

{(𝐼𝑘, 𝐶𝑘)}
𝑁𝑡
𝑘=1

accumulated from previous cycles. For each view, we re-estimate depth

maps {𝑑𝑘} and back-project them into point clouds. To ensure geometric consistency

and őlter out erroneous depth estimates, we apply multi-view geometric voting: for each

candidate 3D point, we project it into all available views and check depth agreement.

Only points with sufficient cross-view support are retained. The őltered points from all

views are merged to form the updated point cloud:

(6.3.2) P𝑡 = P𝑡−1 ∪ Filter
( 𝑁𝑡⋃

𝑘=1

BackProject(𝑑𝑘, 𝐾𝑘, 𝐸𝑘)
)
,

where Filter(·) denotes the multi-view voting procedure that removes outliers based on

cross-view depth consistency.

This accumulated point cloud P𝑡 serves as the spatial prior for the next stage, providing

metric-scale geometric constraints that anchor the 3D generation process.

(B) Visual-guided 3D Scene Mesh Generation. While the point cloud P𝑡 from Stage

A provides sparse geometric constraints, it remains incomplete due to occlusions and

limited viewpoint coverage. Large regions of the scene are unobserved, and the point

cloud lacks surface topology. To address this, we leverage a pretrained 3D diffusion

model to complete the geometry and generate a full 3D mesh representation.

We voxelize the point cloud P𝑡 at resolution 𝑆3 to obtain a sparse occupancy grid

O𝑡 ∈ {0, 1, 2}
𝑆3

, where values indicate observed regions (from P𝑡), carved free-space

(ray visibility), and unknown occluded regions to be hallucinated. To handle large scenes,

we decompose the grid into overlapping 𝑃3 patches {B 𝑗} and extract corresponding
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image crops {𝐼 𝑗} from accumulated observations.

We employ a two-stage ŕow-matching diffusion generator based on SLAT [6]: We

őrst use a sparse structure generator to denoise a binary occupancy latent 𝑍SS
𝑡 with

RePaint-style [216] masking: observed voxels are re-injected from the ground truth

encoding while unknown voxels evolve freely, conditioned on image crops {𝐼 𝑗}:

(6.3.3)
𝑑

𝑑𝑡
𝑍SS
𝑡 = 𝑣SS(𝑍SS

𝑡 , {𝐼 𝑗}, 𝑡), s.t. 𝑍SS
𝑡 |O𝑡=2 = E(O𝑡),

where E encodes the occupancy grid and 𝑣SS is the learned velocity őeld. This yields a

completed occupancy Ô0 őlling occluded regions while preserving observed structure.

Next, we employ a structured latent generator to generate latent features {z𝑖} for

each occupied voxel, given Ô0 and image crops {𝐼 𝑗}, by denoising 𝑍SLAT
𝑡 . Inspired by

Extend3D [225], we apply test-time optimization using multi-view rendering feedback.

We periodically decode the current SLAT into 3D Gaussians, render from all accumulated

viewsV𝑡, and minimize the multi-view reconstruction loss:

Lmv =

𝑁𝑡∑︁

𝑘=1

[
𝜆1∥Π(G𝑡;𝐶𝑘) − 𝐼𝑘∥1 + 𝜆2LPIPS(Π(G𝑡;𝐶𝑘), 𝐼𝑘)

+ 𝜆3(1 − SSIM(Π(G𝑡;𝐶𝑘), 𝐼𝑘))
]
,

(6.3.4)

where Π(·;𝐶𝑘) denotes the differentiable rendering operator and 𝜆1, 𝜆2, 𝜆3 are loss

weights (1 by default). The gradient ∇𝑍SLAT
𝑡
Lmv guides denoising toward photometrically

consistent geometry.

The output G𝑡 (encoded as SLAT) can be decoded into 3D Gaussians for differentiable

rendering and an explicit mesh (via Marching Cubes) for editing, providing a scaffold

for the next stage.
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(C) Spatial-guided Novel View Generation. While Stage B produces a geometrically

complete mesh, its appearance quality is limited by the 3D diffusion model’s training

data and resolution. To overcome this and expand viewpoint coverage, we leverage the

mesh G𝑡 as a spatial scaffold to guide a pretrained video diffusion model in synthesizing

photorealistic multi-view images.

We render 𝑁 novel viewpoints along an orbital camera trajectory, obtaining depth

maps {𝐷(𝑘)}𝑁
𝑘=1

from the mesh geometry. These depth maps encode the 3D spatial

layout, providing structural guidance for video generation. We feed them to a pretrained

depth-conditioned video diffusion model with the input image 𝐼0 as the őrst frame and

an optional text prompt 𝑝:

(6.3.5) V𝑡+1 = VideoDiffusion
(
𝐼0, {𝐷

(𝑘)}𝑁𝑘=1, 𝑝
)
.

The model generates temporally coherent framesV𝑡+1 = {𝐼new
𝑘
}𝑁
𝑘=1

that are photorealistic

and geometrically consistent, hallucinating plausible textures for previously occluded

regions.

These synthesized images serve dual purposes: (i) they provide appearance supervision

for reőning mesh texture, and (ii) they are fed back into Stage A of the next iteration, where

depth re-estimation converts them into geometric priors. This closes the self-evolving

loop, enabling geometry and appearance to mutually reőne each other across iterations.

Self-evolution schedule. The three stages form a self-evolving cycle where geometry

and appearance co-evolve through iterative reőnement. The cycle operates as follows:

• Stage A→ B: Sparse point cloud priors (from depth estimation) provide geometric

constraints that anchor the 3D diffusion model, ensuring the completed mesh
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Table 6.1.: Quantitative comparisons of EvoScene and baselines. We report human
preference win rates and GPT-4o-based weighted win rates (%) across
geometry, layout, and texture quality. EvoScene consistently outperforms all
baselines by large margins in both evaluations.

Human Preference Win Rate (Percentage) GPT-4o-based Weighted Win Rate (Percentage)

Models Geometry Quality Layout Coherence Texture Coherence Geometry Quality Layout Coherence Texture Coherence

Trellis [6] 19.50% 16.00% 20.00% 9.47% 6.62% 7.75%
EvoScene (Ours) 80.50% 84.00% 80.00% 90.53% 93.38% 92.25%

Hunyuan3D-2.1 [7] 16.50% 11.50% 15.50% 9.72% 5.13% 6.42%
EvoScene (Ours) 83.50% 88.50% 84.50% 90.28% 94.87% 93.58%

TripoSG [8] 15.00% 9.50% 14.00% 9.60% 6.12% 9.28%
EvoScene (Ours) 85.00% 90.50% 86.00% 90.40% 92.88% 90.72%

preserves observed structure.

• Stage B→ C: The completed mesh provides spatial guidance (via rendered depth

maps) that steers video generation toward geometrically consistent, photorealistic

appearance.

• Stage C → A (next iteration): Synthesized multi-view images are converted

back into geometric priors through depth re-estimation and multi-view őltering,

providing richer constraints for the next iteration’s mesh completion.

We iterate this cycle𝑇 times (𝑡 = 1, . . . , 𝑇). To maximize scene coverage, each iteration

generates videos from complementary camera trajectories (for example, alternating

between positive and negative azimuth angles, e.g., +30◦ in iteration 1, −30◦ in iteration

2, or varying elevation angles). This strategy progressively expands angular coverage,

revealing previously unseen regions and reőning both geometry and appearance with

each cycle. As iterations progress, the accumulated multi-view observationsV𝑡 grow

richer, the point cloud P𝑡 becomes denser, and the mesh quality improves, ultimately

converging to a complete, photorealistic 3D scene.
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Mesh extraction. After the őnal iteration, we decode G𝑇 into both a 3D Gaussian

representation and a mesh (via Marching Cubes on the occupancy grid). We bake

multi-view textures onto the mesh using the accumulated observations and export as a

GLB őle for rendering and editing.

6.3.3. Implementation Details

We employ pretrained models for all components: HunyuanWorld-Mirror [248] for

single/multi-view 3D reconstruction, Trellis [6] for SLAT-based 3D mesh generation,

and Wan2.2-Fun-5B-Control [226] for depth-conditioned video generation. We set voxel

resolution 𝑆 = 128 with patch size 𝑃 = 64, and render video frames at 1024 × 1024

resolution with 121 frames. We run 𝑇 = 3 self-evolution iterations, generating videos

from complementary azimuth angles (e.g., +30◦ and −30◦ with uniform view sampling)

to progressively expand angular coverage. Every iteration requires 6 minutes with

the highest 68G VRAM on one H100 GPU. All models are used off-the-shelf without

őne-tuning. For more method details, please refer to Appendix E.1.

§ 6.4. Experiments

6.4.1. Experimental Setup

Benchmark and Metrics. We evaluate on 100 diverse scene images generated by

GPT-4o [217] and GPT-Image-1 [249]. We conduct pairwise comparisons on three

criteria: geometry quality, layout coherence, and texture coherence, annotated by two

AMT workers (human preference win rate) for each pair and GPT-4o with token
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Table 6.2.: Rendered-view metrics on the reference images. CLIP similarity and FID
are computed between each method’s render and the corresponding reference
image.

Models CLIP ↑ FID ↓

EvoScene (Ours) 0.8643 188.68

Trellis [6] 0.7454 280.67
Hunyuan3D-2.1 [7] 0.7312 322.53
TripoSG [8] 0.7152 366.34

Table 6.3.: Ablation Study Results. Human preference and GPT-4o win rates demon-
strate the importance of iterative reőnement and depth-conditioned video
guidance in EvoScene.

Human Preference Win Rate (Percentage) GPT-4o-based Weighted Win Rate (Percentage)

Models Geometry Quality Layout Coherence Texture Coherence Geometry Quality Layout Coherence Texture Coherence

EvoScene (Single Iteration) 46.00% 43.50% 47.50% 41.78% 39.52% 47.08%
EvoScene (Full) 54.00% 56.50% 52.50% 58.22% 60.48% 52.92%

EvoScene (Pose-only Video Gen.) 6.50% 10.00% 6.00% 1.36% 0.88% 2.14%
EvoScene (Full) 93.50% 90.00% 94.00% 98.64% 99.12% 97.86%

probability weighting (GPT-4o weighted win rate). We also report CLIP similarity

and FID between rendered views and reference images. More details can be found in

Appendix E.2.

Baselines. We compare against three state-of-the-art image-to-3D models: Trellis [6],

Hunyuan3D-2.1 [250], and TripoSG [8]. All models are evaluated zero-shot with official

checkpoints using complete input images without background removal.

6.4.2. Main Results

Quantitative Analysis Table 6.1 demonstrates EvoScene’s substantial advantages

across three state-of-the-art baselines. In human preference evaluations, EvoScene

achieves win rates of 78.5%-85.0% for geometry quality, 84.0%-90.5% for layout coher-

ence, and 84.5%-88.0% for texture coherence. The particularly strong performance in
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Reference Image EvoScene Trellis Hunyuan3D-2.1 TripoSG

Figure 6.3.: Qualitative comparisons across diverse scene types. From left to right:
reference images, EvoScene (ours), Trellis, Hunyuan3D-2.1, and TripoSG.
Scenes include residential neighborhoods (rows 1-2), urban architecture
(row 3), and historical landmarks (row 4). EvoScene produces complete
geometry with preserved architectural details and photorealistic textures,
while baselines exhibit fragmentation, ŕattened representations, or severe
geometric distortions.

110



§6.4. Experiments

layout coherence indicates our iterative approach effectively preserves spatial relation-

ships and scene structure. GPT-4o-based evaluations show even stronger advantages,

with weighted win rates consistently exceeding 90% across all criteria and baselines,

reaching up to 94.9% for layout coherence against Hunyuan3D-2.1. This suggests that

when quality differences are weighted by magnitude, EvoScene’s superiority becomes

more pronounced.

Table 6.2 provides automatic metrics measuring semantic ődelity and perceptual

quality. EvoScene achieves CLIP similarity of 0.8643 (15.9% improvement over Trellis)

and FID of 188.68 (32.8% improvement), demonstrating superior semantic alignment

and visual realism. These results validate our self-evolving approach, where iterative

reőnement enables geometry and appearance to mutually reinforce each other while

progressively expanding scene coverage.

Qualitative Analysis Figure 6.3 provides visual comparisons across diverse scene

types. For geometry quality, EvoScene produces complete, coherent meshes with

well-preserved architectural details including building facades, rooftops, and terrain

structures. In contrast, Trellis generates incomplete geometry with missing regions and

lacks őne structural details, while TripoSG suffers from severe fragmentation where

scene elements appear disconnected. Hunyuan3D-2.1 produces oversimpliőed geometry

missing important features. For layout coherence, EvoScene maintains correct spatial

relationships with proper depth ordering, while Hunyuan3D-2.1 generates ŕattened

representations where depth relationships are compressed. For texture quality, EvoScene

synthesizes photorealistic, multi-view consistent appearance through depth-conditioned

video generation, exhibiting sharp details and smooth surface transitions. Baselines suffer

111



Chapter 6. Self-Evolving 3D Scene Generation from a Single Image

from various artifacts: Trellis produces blurry textures, TripoSG shows inconsistent

coloring, and Hunyuan3D-2.1 lacks realism. EvoScene demonstrates consistent quality

across varying scene complexity. More experiment results can be found in Appendix E.2.

6.4.3. Ablation Study

We conduct ablation studies to validate two core design choices: (1) iterative reőnement

versus single-iteration generation, and (2) depth-conditioned versus pose-only video

generation. These ablations isolate the contributions of our self-evolving mechanism and

geometric guidance. Quantitative results are in Table 6.3, and qualitative comparisons in

Figures 6.4 and 6.5.

Impact of Iterative Reőnement. We compare single-iteration reconstruction (using

only the input image) versus our full multi-iteration approach. Figure 6.4 reveals critical

differences: the single-iteration mesh (Mesh 0) exhibits noticeable geometric errors

in the highlighted region, including distorted architectural structures and incomplete

surfaces. This stems from limited viewpoint coverage, as a single image provides

insufficient constraints to accurately reconstruct occluded regions. Through iterative

reőnement (Mesh T), our method progressively accumulates multi-view observations,

providing increasingly rich geometric constraints. Each iteration’s video generation

reveals new viewpoints, which inform subsequent 3D generation stages, enabling the

system to correct initial errors and complete previously unseen regions with high ődelity.

Table 6.3 quantiőes this improvement with the full method achieving 54.0%-56.5%

win rates in human evaluations and 58.2%-60.5% in GPT-4o assessments. While these

margins may appear modest, they reŕect the inherent challenge that even single-iteration
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results are reasonably plausible. The consistent preference for multi-iteration results

across all three criteria (geometry, layout, texture) conőrms that iterative geometry-

appearance co-evolution is essential for achieving high-quality scene completion with

accurate detail preservation.

Observation 0

Observation T Mesh T

Mesh 0

Figure 6.4.: Ablation: Impact of iterative reőnement. Comparison between single-
iteration (Mesh 0) and multi-iteration (Mesh T) reconstruction. The single-
iteration mesh exhibits geometric errors in the highlighted region (distorted
architectural structures), which are corrected after iterative reőnement
through accumulated multi-view observations and geometry-appearance
co-evolution.

Impact of Depth-Conditioned Video Guidance. We compare our depth-conditioned

video generation against a pose-only world model baseline (FlashWorld [221] generating

views from −30◦ to +30◦). Figure 6.5 reveals a striking disparity: while the pose-

only model generates visually plausible individual frames, the reconstructed 3D mesh

exhibits catastrophic geometric failures with severe distortions and broken surfaces.
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World Model Novel View Generation

Reference Image 3D Scene Mesh

Figure 6.5.: Ablation: Impact of depth-conditioned video guidance. Comparison be-
tween pose-only world model (FlashWorld [221]) and our depth-conditioned
video generation. The pose-only baseline generates visually plausible frames
but produces geometrically inconsistent 3D meshes with severe distortions
and broken surfaces (right). Our depth conditioning provides geometric
scaffolding that ensures multi-view consistency and stable 3D reconstruction.
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Without explicit geometric guidance, the model hallucinates appearance details that look

plausible in 2D but violate 3D consistency constraints. Our depth-conditioned approach

addresses this by rendering depth maps from the progressively reőned mesh to guide

video generation, providing geometric scaffolding that ensures multi-view consistency.

Table 6.3 shows overwhelming win rates of 90.0%-94.0% in human evaluations and

97.9%-99.1% in GPT-4o assessments, conőrming depth conditioning is absolutely

critical for geometrically stable reconstruction under large viewpoint variations.

§ 6.5. Conclusion

We presented EvoScene, a self-evolving framework for single-image 3D scene generation

that progressively reőnes geometry and appearance through iterative cycles between 2D

and 3D domains. By synergistically combining geometric knowledge from 3D generation

models with visual priors from video generation models, our training-free approach

addresses key limitations of prior single-pass methods. Through three coupled stages,

spatial prior initialization, visual-guided mesh generation, and spatial-guided novel view

synthesis, EvoScene achieves complete full scene coverage with photorealistic textures.

Comprehensive experiments demonstrate substantial improvements over state-of-the-

art baselines, with human preference win rates reaching 78.5%-90.5% and ablations

conőrming the critical importance of both iterative reőnement and depth-conditioned

video guidance. We hope our work inspires further research into self-evolving approaches

that bridge complementary strengths of different generative models for 3D content

creation.
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Conclusion and Future Work

§ 7.1. Summary of Contributions

This dissertation set out to study how to build embodied agents that ground language

in perception and action, generate coherent multimodal content, and construct editable

3D worlds from limited input. The central proposal of the dissertation is that the

most effective route to these capabilities is not to train a single new embodied system,

but to compose existing pretrained foundation models through deliberately designed

interfaces. The őve works in the preceding chapters develop four families of such

interfaces, and together they sketch one methodology for embodied AI built on top of

pretrained knowledge.

Part I examined how pretrained perception and language models can be composed for

embodied reasoning. VLMbench (Chapter 2) formalized language-guided manipulation

as a compositional problem, organizing tasks around motion constraints and object-

centric representations, and exposing where pretrained vision-language components

fail to ground compositional instructions in physically constrained motion. JARVIS
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(Chapter 3) then tackled long-horizon, dialog-based task completion by treating pretrained

language and perception models as sensors and binding their outputs through symbolic

task- and action-level reasoning. The two chapters argue that compositional benchmarks

and symbolic interfaces over pretrained components are complementary: the former

diagnoses the failure modes of direct use of pretrained models, while the latter shows

how structured composition can recover what end-to-end pipelines cannot.

Part II moved from symbolic to learnable interfaces. MiniGPT-5 (Chapter 4) introduced

generative vokens, a small set of learnable tokens that bridge a pretrained multimodal

language model and a pretrained diffusion model, enabling description-free interleaved

text-and-image generation while keeping both backbones frozen. This chapter argued

that coherent multimodal output does not require monolithic retraining; a narrow,

well-supervised token interface between pretrained components is sufficient to turn a

comprehension model into a generation model.

Part III extended composition into 3D. SceneFuse-3D (Chapter 5) showed that high-

ődelity scene-level 3D generation can be built on top of a pretrained object-centric 3D

generator without any 3D training, by decomposing the scene into overlapping regions,

using pretrained depth and detection models as spatial priors, and applying spatial-aware

completion to preserve global layout. EvoScene (Chapter 6) then introduced an iterative

interface, cycling between spatial prior initialization, visual-guided mesh generation,

and spatial-guided novel view synthesis through a pretrained depth-conditioned video

diffusion model, so that geometry and appearance progressively reőne each other.

Together these chapters point to a training-free, modular recipe for 3D scene synthesis in

which pretrained 3D, depth, and video models cooperate rather than compete.

Across all three parts, a single message emerges. Embodied competence does not
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reduce to scaling a single model or collecting a single dataset; it beneőts from the

deliberate composition of pretrained foundation models through interfaces matched to

the structure of each problem: symbolic glue in JARVIS, learnable token interfaces in

MiniGPT-5, spatial priors in SceneFuse-3D, and iterative 2Dś3D feedback in EvoScene.

The systems studied here gain interpretability, generalization, and data efficiency precisely

because they decline to collapse perception, generation, and 3D construction into a single

monolithic model, and instead reuse the foundation models that already encode much of

the needed knowledge.

§ 7.2. Future Work

While these contributions advance embodied world modeling along perception, genera-

tion, and 3D construction, they also make the remaining gaps more visible. I outline

three directions that I believe are essential for extending this line of work toward more

capable embodied systems.

7.2.1. Interactive 4D Dynamic World Simulators

The generative 3D frameworks developed in this dissertation, including SceneFuse-3D

(Chapter 5) and EvoScene (Chapter 6), focus on spatial geometry and visual ődelity,

but treat the world as essentially static. The physical world is inherently temporal and

governed by contact, articulation, and deformation. A natural next step is to move from

static or purely visual 3D environments to interactive 4D world simulators that model

both time and physical interaction.

An ideal 4D simulator should predict physically plausible future states of the environ-
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ment conditioned on an agent’s continuous action stream, rather than only synthesizing a

passive visual sequence. This requires integrating generative priors with physics-aware

dynamics so that opening a door, pouring a liquid, or deforming a cloth produces

temporally coherent consequences that are consistent with the scene’s geometry and

material properties. Such simulators would close the loop between the generative 3D

scene construction in Part III and the embodied interaction studied in Part I: instead of

evaluating agents only in hand-authored simulators, we could train and evaluate them

inside generated worlds that are as diverse as the 2D and 3D generative priors that built

them.

7.2.2. Training World Action Models via Generative World Models

A recurring obstacle across the manipulation and task-completion chapters is data scarcity.

Real robot trajectories are expensive to collect, and conventional simulators require

signiőcant engineering per task. Once generative world models are capable enough to

synthesize diverse and physically plausible interactions, they become a natural training

substrate for world action models Ð policies that learn to act by rolling out trajectories

inside the generated world.

This direction reframes generative world models as data engines rather than visualiza-

tion tools. Instead of relying solely on human demonstrations or handcrafted simulators,

an agent can practice long-horizon planning, tool use, and precise manipulation inside

a generative simulator, and the learned policies can then be transferred to physical

robots. The central research questions here are not whether rollouts look realistic, but

whether their actionśconsequence statistics are reliable enough to drive transfer: which

generative priors preserve the causal structure of the real world, and which quietly distort
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it. Answering this will likely require evaluation protocols that go beyond visual ődelity

toward physical and behavioral ődelity.

7.2.3. MLLM-driven Self-Correction and Evolution Loop

Both neuro-symbolic agents and generative world models still depend heavily on human

supervision: annotated sub-goals, preference data, and manual failure analysis. As

these systems scale, that supervision becomes the bottleneck. A third direction is to

close the loop through an MLLM-driven self-correction and evolution process, in which

multimodal large language models act as automatic evaluators and feedback providers

rather than only as generators.

Concretely, an MLLM could critique an agent’s executed trajectory, diagnose physical

or semantic inconsistencies in a generated scene, or score the alignment between an

instruction and its resulting multimodal output, and feed structured, language-level

feedback back into the underlying policy or generator. This is a natural continuation of

the self-evolving cycle prototyped in EvoScene (Chapter 6), but pushed from geometry

and appearance into task, dialog, and physics. The open problems here are trust and

grounding: when should the MLLM critique be trusted, how should it be calibrated

against ground-truth signals, and how can disagreements between the critic and the

environment be resolved without drift? Addressing these will be key to turning one-shot

generation systems into continuously improving embodied systems.

Taken together, these directions extend the composition methodology of this dissertation:

4D simulators by composing pretrained 3D, video, and physics priors; action models

trained inside generative simulators built from pretrained world models; and self-
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correcting embodied systems in which pretrained multimodal models act as critics in

a closed loop. The frameworks in this dissertation treat embodied AI as a problem of

composing pretrained components, and the next generation of embodied agents will

beneőt from pushing that composition further.
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A. Appendix of VLMbench

§ A.1. Task Details

Table A.1.: All task variations except shape used in VLMbench. The shape variation of
each task can be found in the detail descriptions of each task category.

Variations Totals Values

Color 25
seen:red, maroon, lime, green, blue,navy, yellow, cyan, magenta,
silver, gray, olive, purple, teal, azure, violet, rose, black, white

unseen: brown, gold, pink, chocolate, coral

Size 5 larger, smaller, large, medium, small

Relative
Position

5 top, front, rear, left, right

Level 3 top, middle, bottom

Amount 2 fully, slightly

Action
Type

2 open, close

In the VLMbench, we show eight task categories:łPick & Place objects", łStack

objects", łDrop pencil", łPut into shape sorter", łPour water", łWiper table", łUse

drawer", and łUse door". Here, we list variations used for these tasks in Table. A.1.

For each demonstration, all things in the scene will change the pose at the beginning.

When building an instance-level task with one variation, the other variations will also
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Table A.2.: All object models used in VLMbench. The number behind the object class
indicate the instance number of that class.

Object type Number of classes Classes

Basic model 3 cube (1), triangular prism (1), cylinder (1)

Special model 9
star (1), moon (1), cross (1), ŕower (1), letter ‘t’ (1),

pencil (1), basket (1), box container(1), shape sorter (1)

Planar model 6 rectangle (1), circle (1), triangle (1), star (1), cross (1), ŕower (1)

Functional model 2 mug (6), sponge (1)

Articulated model 2
door with one rotatble handle (2),

cabinet with three vertical drawers (3)

randomly change. For example, in the demonstrations of łPick & Place objects" with

łsize" variation, all objects’ color and relative positions, including targets and distractors,

will randomly change. In the dataset, we have őve types of objects, shown in Table A.2.

We will explain each task in detail as follows. Visualizations can be found on the project

website.

A.1.1. Pick & Place Objects

Task Deőnition: The agent needs to distinguish the speciőc object to grasp and then place

it into a particular container. The object can be placed anywhere with any orientation

inside the container.

Task Templates: Unit task sequence: (Control, target object)+(M1[a1,b1], target

object); Goal Conditions: A 3D bounding box without orientation constraints inside the

empty space of target container, for (M1[a1,b1], target object).

Success Conditions: The object detector inside the target container only can be triggered

by the speciőc object. When the detector is triggered, the task considers a success.

Instruction Templates: High-level instructions: łPick up [target object description]

and place it into [target container description]."; Low-level instructions: (łMove to the
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top of [target object description]; Grasp [target object description].", łMove the object

into [target container description]; Release the gripper.").

Object models: One container model is used in both seen and unseen. In the seen

settings, őve object models: star, triangular, cylinder, cube, and moon. In the unseen

settings, four object models: cube, the letter ‘t,’ cross, and ŕower.

Variations and scene settings:

All objects are randomly changing colors, size, and positions in each demonstration.

Color: There are two same-shape objects and two same-shape containers in the scene

initialization. All colors are randomly sampled from the color library. The object

description is ł[color] object"; The container description is ł[color] container."

Size: There are two same-shape objects and two same-shape containers in the scene

initialization. One object and one container are randomly magniőed while others are

randomly shrunk. The object description is ł[larger/smaller] object"; The container

description is ł[larger/smaller] container."

Relative Position: There are two same-shape objects and two same-shape containers in

the scene initialization. All objects are randomly sampled in the workspace until they

obey the predeőned relative positions. The object description is ł[front/rear/left/right]

object"; The container description is ł[front/rear/left/right] container."

Shape: There are two same-shape containers and more than two objects with different

shapes in the scene initialization. The number of objects varies from two to the length

of the object library. The object description is ł[shape]"; The container descriptions is

ł[color] container."
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A.1.2. Stack Objects

Task Deőnition: The agent needs to distinguish the speciőc two objects and then stack

them in a particular sequence. Since the objects have different shapes and some surfaces

are hard to maintain for stacking, we use plane surfaces. Therefore, the goal pose of the

above object should be inside the top plane of the below object and only can rotate along

the axis which is perpendicular to the plane.

Task Templates. Unit task sequence: (Control, target object)+(M1[a2,b2], above

object); Goal Conditions: A plane on the surface of the below object with orientation

constraints along the perpendicular axis, for (M1[a2,b2], above object).

Success Conditions. The object detector attached to the bottom object will be triggered

when the speciőc thing is above.

Instruction Templates. High-level instructions: łStack [below object description] and

[above object description] in sequence."; Low-level instructions: (łMove to the top of

[above object description]; Grasp [above object description].", łMove the object on

[below object description]; Release the gripper.").

Object models: In the seen settings, őve object models: star, triangular, cylinder, cube,

moon. In the unseen settings, four object models: cube, the letter ‘t’, cross, ŕower.

Variations and scene settings:

All objects are randomly changing colors, size, and positions in each demonstration.

Color: There are four same-shape objects in the scene initialization. All colors are

randomly sampled from the color library. The object descriptions are all ł[color]

[shape]."

Size: There are three same-shape objects in the scene initialization. One model is

randomly magniőed while another is randomly shrunk. The object description is
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ł[large/medium/small] [shape]."

Relative Position: There are four objects with two different shapes in the scene initializa-

tion. All objects are randomly sampled in the workspace until the relative position of the

same-shape objects obey the predeőned relative positions. The below object description

is ł[front/rear/left/right] [shape 1]"; The above object description is ł[front/rear/left/right]

[shape 2]."

Shape: There are more than two objects with different shapes in the scene initialization.

The number of objects varies from two to the length of the object library. The below

object description is ł[shape 1]"; The above object description is ł[shape 2]."

A.1.3. Drop Pencil

Task Deőnition: The agent must distinguish the speciőc pencil and then drop it into an

upright container. Only when the pencil is vertical down above the container can it fall

appropriately.

Task Templates. Unit task sequence: (Control, target pencil)+(M1[a3,b2], target

pencil); Goal Conditions: A line, which is perpendicular to the opening of target

container, with orientation constraints along the line, for (M1[a3,b2], target pencil).

Success Conditions. The object detector attached to the target container will be triggered

when the speciőc pencil is inside.

Instruction Templates. High-level instructions: łDrop [target pencil description] into

[target container description]."; Low-level instructions: (łMove to the top of [target

pencil description]; Grasp [target pencil description].", łMove the object above [target

container description]; Release the gripper.").

Object models: One pencil and one basket for both seen and unseen.
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Variations and scene settings:

All objects are randomly changing colors and positions in each demonstration.

Color: There are two same-shape pencils and two same-shape baskets in the scene

initialization. All colors are randomly sampled from the color library. The object

description is ł[color] pencil"; The container description is ł[color] container."

Size: There are two same-shape pencils and two same-shape baskets in the scene

initialization. One pencil and one container are randomly magniőed while others

are randomly shrunk. The object description is ł[larger/smaller] pencil"; The basket

description is ł[larger/smaller] container."

Relative Position: There are two same-shape pencils and two same-shape baskets in the

scene initialization. All objects are randomly sampled in the workspace until they obey

the predeőned relative positions. The object description is ł[front/rear/left/right] object";

The basket description is ł[front/rear/left/right] container."

A.1.4. Put Into Shape Sorter

Task Deőnition: There is a shape sorter in the environment, and the agent needs to

distinguish the speciőc object and then put it through the hole of the sorter. Only when

the object’s shape and pose őt the hole can it fall.

Variations: Color, Shape, and Relative Position. These variations work on all objects

except the sorter.

Task Templates. Unit task sequence: (Control, target pencil)+(M1[a4,b3], target

object); Goal Conditions: A őxed pose related to the sorter for each object shape, for

(M1[a4,b3], target object).

Success Conditions. The object detector attached to the sorter will be triggered when
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the speciőc object is inside.

Instruction Templates. High-level instructions: łPut [target object description] through

the hole of [target hole description]."; Low-level instructions: (łMove to the top of

[target object description]; Grasp [target object description].", łMove the object to the

hole of [target hole description]; Release the gripper.").

Object models: One shape sorter container for both seen and unseen. In the seen

settings, four object models: star, triangular, cylinder, and cube. In the unseen settings,

őve object models: star, triangular, cylinder, cube, and moon.

Variations and scene settings: All objects are randomly changing colors and positions

in each demonstration.

Color: There are three same-shape objects and one shape sorter in the scene initialization.

All colors are randomly sampled from the color library. The object description is ł[color]

[shape]."

Relative Position: There are two same-shape objects and one shape sorter in the scene

initialization. All objects are randomly sampled in the workspace until they obey the

predeőned relative positions. The object description is ł[front/rear/left/right] [shape]."

Shape: There are one shape sorter and more than two objects with different shapes in the

scene initialization. The number of objects varies from two to the length of the object

library. The object description is "[shape]."

A.1.5. Pour Water

Task Deőnition: The agent needs to pour the water from the speciőc source mug into

the particular container mug. Here we use 50 small particles to simulate the water.

Variations: Color, Size, and Relative Position. These variations work on all mugs.
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Task Templates. Unit task sequence: (Control, source mug)+(M2[a1,b2], source

mug)+(M2[a4, b4], source mug); Goal Conditions: For (M2[a1,b2], source mug), we

need to keep the opening of the source mug is upward with the rotations along the axis

of the opening directions. Further, the goal position of this step needs to make the

horizontal distance between the geometry centers of two mugs less than the half-height of

the source mug, and the vertical distance should be larger than the height of the container

mug. For (M2[a4, b4], source mug), the source mug needs to make the opening point to

the container mug. Therefore, the end-effector should follow a particular path, keeping

the source mug in the same position but rotating it to the required orientation. Therefore,

the goal condition is a set of poses, calculated by a function using the geometry and

poses of two mugs.

Success Conditions. The object detector attached to the container mug will be triggered

when more than half particles are inside the mug.

Instruction Templates. High-level instructions: łPour the water from [source mug

description] to [container mug description]."; Low-level instructions: (łMove to the

[relative position] of [source mug description]; Grasp [source mug description].", łMove

the object to the top of [container mug description] with the opening upwards.", łRotate

[source mug description] toward [container mug description]").

Object models: Four different mugs in seen scenes and two different mugs in unseen

scenes.

Variations and scene settings: All objects are randomly changing colors and positions

in each demonstration.

Color: There are three same-shape mugs in the scene initialization. All colors are

randomly sampled from the color library. The object description is ł[color] mug."
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Relative Position: There are two same-shape mugs in the scene initialization. All objects

are randomly sampled in the workspace until they obey the predeőned relative positions.

The object description is ł[front/rear/left/right] mug."

Size: There are two same-shape mugs in the scene initialization. One mug is randomly

magniőed while another is randomly shrunk. The object description is ł[larger/smaller]

mug."

A.1.6. Wipe Table

Task Deőnition: The agent needs to wipe the particular area with a sponge, which

means moving the sponge from one side of the area to another with keeping it contacting

with the area.

Task Templates. Unit task sequence: (Control, sponge)+(M1[a4,b2], sponge)

+(M2[a2, b2], sponge); Goal Conditions: For (M1[a4,b2], sponge), the sponge needs

to move to one side of the target area with the surface face contacting the area. For

(M2[a2, b2], sponge), the sponge needs to move from the current side to another side

with keeping contact. The goal conditions are both a set of poses with the őxed position

and rotations along the axis perpendicular to the table.

Success Conditions. We create 50 small invisible particles in the target area, and these

particles will be removed if the sponge surface touches them. The successor attached to

the target area will be triggered when more than half particles have been removed.

Instruction Templates. High-level instructions: łWipe [target area description] with a

sponge."; Low-level instructions: (łMove to the top of the sponge; Grasp the sponge.",

łMove the object to the side of [target area description].", łMove the object along the
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main direction of [target area description]").

Object models: One sponge for both seen and unseen. The four planes in the seen

scenes: rectangle, round, star, and triangle; The two planes in the unseen scenes: cross,

ŕower.

Variations and scene settings: All objects are randomly changing colors and positions

in each demonstration.

Color: There are two same-shape planes and one sponge in the scene initialization. All

colors are randomly sampled from the color library. The plane description is ł[color]

area."

Size: There are two same-shape planes and one sponge in the scene initialization. One

plane is randomly magniőed while another is randomly shrunk. The plane description is

ł[larger/smaller] area."

Relative Position: There are two same-shape planes and one sponge in the scene

initialization. All planes are randomly sampled in the workspace until they obey the

predeőned relative positions. The object description is ł[front/rear/left/right] area."

Direction: There are two same-shape directional planes and one sponge in the scene

initialization. One plane is horizontal to the width of table while another is vertical. The

plane description is ł[horizontal/vertical] area."

Shape: There are one sponge and more than two planes with different shapes in the scene

initialization. The number of planes varies from two to the length of the object library.

The plane description is ł[shape] area."
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A.1.7. Use Drawer

Task Deőnition: The agent needs to őgure out the exact level of the drawers to use and

execute the correct action with appropriate degrees. The initial states of the drawer will

change according to the action types. For example, if the task is to open the top drawer,

the top drawer will be closed at őrst.

Task Templates. Unit task sequence: (Control, target drawer handle)+(M2[a3,b3],

target drawer joint); Goal Conditions: For (M2[a3,b3], target drawer), the agent needs

to move the target drawer to a őxed position with the linear physic constraints on the

joints of the drawer. Therefore, the goal conditions are a set of the end-effector poses

whose positions are along an axis, and the orientations are őxed.

Success Conditions. The successor will be triggered when the joint of the target drawer

have moved a particular length.

Instruction Templates. High-level instructions: ł[Amount] [Action Type] the [Level]

drawer."; Low-level instructions: (łMove to the front of the handle of [target drawer

description]; Grasp the handle of [target drawer description].", łMove along the axis of

[target drawer description] for [Amount] [Action Type].").

Object models: Two cabinets in seen scenes and one cabinet in unseen scenes. The

cabinets have different appearance but all have three vertical drawers.

Variations and scene settings: The cabinet is randomly changing the pose in the

workspace for each demonstration.

Level, Action Type, and Amount: One cabinet is sampled from the object list. These

variations are all working on the drawer at the same time. For example, we regard łFully

open the top drawer." as one situation.
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A.1.8. Use Door

Task Deőnition: The agent needs to execute the correct action with appropriate degrees

for the door. If the door is closed, the agent needs to rotate the door handle to unlock it

for opening it. Like the use drawer tasks, the initial states will change according to the

action type.

Task Templates. Unit task sequence: For closing the door, (Control, door han-

dle)+(M2[a4,b4],door plank joint). For opening the door, (Control, door handle)+(M2[a4,b4],door

handle joint)+(M2[a4,b4],door plank joint); Goal Conditions: For (M2[a4,b4],door

handle joint), the agent needs to rotate the joint, which connects the handle and plank, to

a degree for unlock. Therefore, the goal conditions are a set of the end-effector poses

whose positions are along an arc, and the orientations are depended on the positions.

For ((M2[a4,b4], door plank joint), the goal conditions are the same as the previous one,

but the joint connects the plank and base.

Success Conditions. The successor will be triggered when the plank and base joint has

reached a particular angle.

Instruction Templates. High-level instructions: ł[Amount] [Action Type] the door.";

Low-level instructions: (łMove to the front of the handle of the door; Grasp the handle

of the door.", łRotate around the axis of the handle joint.", łRotate around the axis of the

door joint for [Amount] [Action Type].").

Object models: One door in seen scenes and one door in unseen scenes. The doors

have different appearance but all have the rotatable handle.

Variations and scene settings: The door is randomly changing the pose in the workspace

for each demonstration.

Action Type and Amount: One door is sampled from the object list. These variations
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are all working on the door at the same time. For example, we regard łFully open the

door." as one situation.

§ A.2. Implementation Details

A.2.1. AMSolver

Task Creation To generate demonstrations for semantic tasks, we need to use the

predeőned unit task sequence combined with object conőgurations and goal conditions.

The goal conditions are the feasible goal pose sets of the current manipulated object for

each unit task. The goal conditions can be formatted as bounding boxes, planes, lines,

joint angles, or generated by functions for special pose sets. For example, a rearrangement

task łPut the ball into the basket" needs to transit a ball into the empty space of the

basket without any constraints requirement, which means the goal condition of the ball

is a set of poses inside the blank space of basket. Then, we can format this task as

(𝐶𝑜𝑛𝑡𝑟𝑜𝑙, 𝑏𝑎𝑙𝑙)+ (𝑀1[𝑎1, 𝑏1], 𝑏𝑎𝑙𝑙). Note that ball can be replaced with other objects, so

(𝐶𝑜𝑛𝑡𝑟𝑜𝑙, 𝑜𝑏 𝑗𝑒𝑐𝑡) + (𝑀1[𝑎1, 𝑏1], 𝑜𝑏 𝑗𝑒𝑐𝑡) can represent any pick-and-place task without

speciőc constraints. Another example is łPour the water from one mug to another".

This task needs to keep the mug opening upward while moving toward the top of another

mug. We can format this task as (𝐶𝑜𝑛𝑡𝑟𝑜𝑙, 𝑠𝑜𝑢𝑟𝑐𝑒 𝑚𝑢𝑔) + (𝑀2[𝑎1, 𝑏2], 𝑠𝑜𝑢𝑟𝑐𝑒 𝑚𝑢𝑔) +

(𝑀2[𝑎4, 𝑏4], 𝑠𝑜𝑢𝑟𝑐𝑒 𝑚𝑢𝑔). For the őrst (𝑀2[𝑎1, 𝑏2], 𝑠𝑜𝑢𝑟𝑐𝑒 𝑚𝑢𝑔), the goal condition

should make the horizontal distance between the geometry centers of two mugs less than

the half-height of the source mug, and the vertical distance should be larger than the

height of the container mug. Therefore, the goal condition is a set of poses calculated by

a function using the geometry and poses of two mugs.
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Implementation The AMSolver is built inside the CoppeliaSim [46] environment and

written in Python and Lua based on RLbench [9] and PyRep [47]. The agent is a Franka

Emika Panda robot arm with 7 DoF, standing on a wooden table. To achieve the grasping

ability for any object shape, we implement one version of the algorithm of ten Pas et

al. [50]. The generator will calculate the normals and principal axis of partial point

clouds. Then, the normals, principal axis, and cross-product will establish the grasp

poses. Finally, the agent will calculate inverse kinematics to check the validation. More

details can be found in [50]. Each unit task will generate one waypoint as the sub-goal of

the end-effector or one őxed cartesian path as the őxed sub-trajectory for the end-effector

in the environment. We use the OMPL library [251] to őnd a valid trajectory between

two waypoint conőgurations. In the end, we will get a valid path from the beginning

to the task őnish, consisting of the critical waypoints information. The object detector

used in the simulator is a 3D box, where the poses (positions and orientations) and

properties (length, width, height) can be modiőed. The object detector is placed in the

target destinations of the task. When the target object mesh overlaps with the detector, it

will return the true value for checking the object.

A.2.2. VLMbench

Dataset Generation We collect the VLMbench dataset in the environment of RLbench

with AMSolver. There are őve RGB-D cameras in the environment: front view, left view,

right view, overhead view, and wrist view. We use the image resolution of 360 × 360

in this dataset. As mentioned in section 3.4, the AMSolver will output the trajectories

with waypoints. Therefore, the robot arm will use motion planning to transfer from one

waypoint to another, and the simulator will record the observation with the time step 50
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ms. Each camera can produce an RGB-D image with point cloud and instance masks

for observation. We also record the low-level states of the robot joints, including joint

velocity, joint torque, joint position, and end-effector pose. In addition, the observations

record the object pose at each time step and the corresponding relationship between the

frames and waypoints so that the demonstrations can be automatically divided into the

sub-demonstrations with the critical frame. The objects will change the poses among

different demonstrations, and the distractors will be randomly added to the environment.

For language instructions, we predeőned some templates for each task category to

quickly generate various language instructions by őlling the object properties’ descrip-

tions, shown in Fig. 2.3. For example, the łPick & Place objects" task has the template

łPick [Object] and place it into [Container]," where [Object] denotes the target object

descriptions corresponding to variations mentioned above. Meanwhile, by deőning

the structured language templates on the unit task, we can simultaneously generate

the low-level instructions in the dataset, which structurally describe the basic actions

corresponding to the frames, e.g. łMove to [relative position] [manipulated object];

Grasp [manipulated object]" correspond to the pre-grasp action and grasp action in the

Control unit task. We hope this information will be helpful for further research in this

area.

A.2.3. 6D-CLIPort

In this section, we provide hyperparameter values in our 6D-CLIPort training. We have

trained each agent on eight A5000 GPUs for one hour with a batch size of 16, an epoch

of 15, and a learning rate of 1e-3. The pixel-wise feature maps from the attention module

have one dimension. The output feature maps of the value and key module have four
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Figure A.1.: The environment used in VLMbench. A 7 DoF robot arm stands on the
table with őve cameras from different views. Meanwhile, the images from
the camera views are shown aside. We also can see the predeőne of the
paths in the environment, which are the ground truth waypoints generated
by the AMSolver.

dimensions in each pixel to estimate 2D positions and the rotation along the perpendicular

axis. Meanwhile, The output feature maps have 12 dimensions in each pixel for the other

three regressors and are chunked into three parts for separate convolutions, where the

convolutions of value and key feature maps are input to each regressor.

§ A.3. Dataset Details

We sample VLMbench in the CoppeliaSim simulator, shown in Fig. A.1. The simulator

collects the data at a 20 Hz frequency, and at each step, the state record all visual, robot,

and object information. To illuminate the dataset’s structure, we have a folder for each

instance-level task, e.g., pouring water with color variation. Each variation value creates
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Figure A.2.: All instance-level tasks in VLMbench.
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a folder under the task folder, e.g., the target mug is red in the pouring water with color

variation. Inside one variation value folder, we have demonstration folders that contain

the state record for demonstrations. Then, we save the RGB-D, segmentation, and point

cloud from each camera in one demonstration folder. Another őle contains all low-level

robot states, object states, and waypoint information for every step. All instance-level

tasks are shown in Fig. A.2. Demonstration demos can be found in the video on the

website.

Task Statistics In total, we have 24 instance-level tasks with 234 variations, which

include 120 color variations, 18 size variations, 60 relative position variations, 18

shape variations, 2 direction variations, and 16 variations of the combinations of level,

amount, and action type. The benchmark have 6,658 manipulation demonstrations

which contain 4,783 train demonstrations, 1,170 seen validation demonstrations, and 705

unseen validation demonstrations. Since the agent test in the online simulator, we have

generated 2,380 seen test settings and 2,380 unseen test settings for all instance-level

tasks. The detailed numbers can be found in Table A.3. All demonstrations are generated

by two servers with 64-Core CPUs and 8 GPUs within 24 hours.

§ A.4. Additional Experiments

We have shown task success rates of each baseline agent in both seen and unseen settings.

Here, we provide the results of step success for both seen and unseen settings. Then, we

want to provide more explanation and analysis of failure cases and ablations study.
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A.4.1. Goal-Conditioned Success Rates

In Table A.4 and A.5, we show the success rates of each step for every agent. For tasks

in the VLMbench, each task can be considered as a multi-step task, since each task at

least consists of one grasping step and one following movement step. Therefore, we used

two other metrics for the step’s success: Goal-condition Grasp (G-G) success rate and

Goal-conditioned Movement (G-M) success rate. The Goal-conditioned Grasp (G-G)

success rates indicate whether the agent has grasped the correct object for the őrst step.

The Goal-conditioned Movement (G-M) success rates indicate whether the agent can

satisfy the success conditions in the following movement by using the pre-generated

grasp poses for the grasping step. We can őnd that the agent has high grasping successes

in both seen and unseen settings for most tasks, including pick, stack, drop, shape sorter,

pour, and wiper, which indicates that 6D-CLIPort can successfully reason the correct

grasping objects with both seen and unseen settings. For these tasks, the prominent

failure cases come from the following movement. The conclusion can also be obtained

from the minor difference between the goal-conditioned movement and the total success

rate. In the wiping tasks, we can see high grasping success rates in all settings since

we only have one sponge shape model in both training and testing. We also can őnd

that the Vision-Only agent has a higher grasping success rate than 6D-CLIPort in the

łDrawer" tasks with seen settings. However, it has a much lower grasping success rate

in the unseen settings, which indicates that the Vision-Only agent has overőtted on

the grasping step in the łDrawer" tasks. For opening/closing drawer and door tasks,

we őnd that goal-conditioned movement success rates are similar for seen and unseen

settings, meaning the agent performs similarly after the agent has correct grasping. In

opening/closing drawer tasks, we also őnd that the goal-condition grasp is smaller than
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(b) Wrong Grasping Object
“Pick up the cylinder and place 

it into the yellow container.”

(a) Wrong Grasping Pose
“Drop the pink pencil into the 

pink container.”

(c) Wrong Destination Pose
“Pour water from the green 

mug to the gray mug.”

(d) Wrong Destination Object
“Stack the green cube and the 

navy cube in sequence.”

Figure A.3.: Four failure cases in the results of the 6D-CLIPort. Details can be found
in A.4.2.

total success, which means some tasks reach the success conditions without grasping the

handle of doors. It also makes sense that closing the drawer can be őnished by pushing

instead of grasping the handle őrst.

A.4.2. Failure Cases

The results show that the 6D-CLIPort agent has failed in many tasks. Except for the

unreachable poses due to the errors in the position and orientation estimations, we

summarize the four kinds of failure cases, shown in Fig. A.3: (a) Wrong grasping pose,

which means the agent cannot grasp any object. (b) Wrong grasping object, which means

the agent grasps the incorrect object. (c) Wrong destination pose, which means the

destination pose of the agent cannot őnish any semantic task. (d) Wrong destination

object, which means the estimation destination is inconsistent with the instructions.

More visualization can be found in the attached video.
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Ground Truth Demonstration

6D-CLIPort Estimation

6D-CLIPort Estimation
With GT Orientations

Waypoint Positions

Waypoint Orientations

Figure A.4.: 6D-CLIPort with ground truth waypoint information. The instruction here
is łPour water from the blue mug to the green mug." Since the orientations
and positions are unmatched, we can see 6D-CLIPort with ground truth
orientation can pour the water but have collisions with the container mug.
In this situation, 6D-CLIPort with ground truth positions cannot őnd a valid
path by motion planning.
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A.4.3. Partially Modal Agents

In the experiment section, we have tested the 6D-CLIPort with the ground truth

waypoints’ positions or orientations. We can see the agent still failed the tasks even with

this privileged information. The reason is the unmatched positions and orientations. The

ground truth positions and orientations are obtained from the pre-generated waypoints.

Therefore, this ground truth information is not the optimal parameter associated with the

estimation. The unmatched positions and orientations can lead to a failure or even an

unreachable pose where the motion planner cannot őnd a feasible path. For the tasks that

need the cooperation of position and orientation, such as dropping, pouring, and opening

the door, we can őgure out that giving partially ground truth still cannot őnish the task

correctly. We shown a example in Fig A.4.Since the estimation trajectory and ground

truth trajectory can be valid but different solutions for the same task. The combination

of the positions and orientations will fail the task. Furthermore, the wrong estimation of

positions can lead to task failure, even given the ground truth orientation, since the tasks

in the VLMbench require correct compositional reasoning. More visualization can be

found in the video on the project web page.
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Table A.3.: The number of episodes for each task in the dataset.

Task category Variation Train
Valid Test

Seen Unseen Seen Unseen

Pick

Color 400 100 25 100 100
Relative 320 80 80 96 96
Shape 100 25 20 100 100
Size 80 20 20 100 100

Stack

Color 400 100 25 100 100
Relative 320 80 80 96 96
Shape 100 25 20 100 100
Size 120 30 30 96 96

Drop
Color 395 100 25 100 100
Relative 320 80 80 96 96
Size 80 20 20 100 100

Place
Color 400 100 25 100 100
Relative 80 20 20 100 100
Shape 80 20 25 100 100

Wipe

Color 400 100 25 100 100
Relative 80 20 20 100 100
Shape 80 20 20 100 100
Size 40 10 10 100 100
Direction 40 10 10 100 100

Pour
Color 388 100 25 100 100
Relative 80 20 20 100 100
Size 40 10 10 100 100

Door action&amount 200 20 20 100 100

Drawer action&amount&level 240 60 60 96 96

Total 4783 1170 705 2380 2380
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Table A.4.: Results of all tasks, including both seen and unseen settings. In the table,
G-G denotes Goal-conditioned Grasp success rate, which reŕects whether
the agent can correctly grasp the target. G-M denotes Goal-conditioned
Movement success rate, which reŕects whether the agent can őnish the task
by using the pre-generated grasping poses. SC denotes success rates for the
whole estimation trajectory. More explanations can be found in section A.4.1.

Pick&Place Stack Drop Shape Sorter

Agent Seen Unseen Seen Unseen Seen Unseen Seen Unseen

G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC

Language-Only 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vision-Only 29.55 29.80 6.31 36.62 26.52 9.85 34.95 32.65 6.89 32.65 22.45 1.79 10.47 0.00 0.00 16.89 0.00 0.00 8.33 8.67 0.00 4.00 6.33 0.33
6D-CLIPort 58.33 43.33 28.28 63.14 41.16 27.53 53.06 44.64 22.19 48.21 28.06 18.37 70.61 9.12 6.42 65.88 8.78 6.42 73.00 23.67 17.33 66.67 18.67 12.33

6D-CLIPort (GT Ori) 60.61 42.93 28.03 65.40 36.87 26.26 56.38 44.64 26.53 51.02 48.98 26.02 65.88 31.08 17.91 62.16 28.72 16.22 72.67 32.67 24.00 67.33 24.00 15.67
6D-CLIPort (GT Pos) 94.95 88.64 83.84 95.96 83.33 75.25 96.94 69.39 58.93 96.43 47.70 50.51 95.61 13.85 16.89 94.26 13.18 11.82 92.00 19.33 18.00 94.00 22.67 17.33

Pour Wipe Door Drawer

Seen Unseen Seen Unseen Seen Unseen Seen Unseen

G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC

Language-Only 0.00 0.76 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.21 15.63 4.17 3.13 13.54 1.04
Vision-Only 2.67 2.00 0.00 4.00 1.33 0.00 99.20 19.40 19.80 96.00 21.20 20.80 0.00 0.00 0.00 0.00 0.00 0.00 26.04 21.88 14.58 1.04 18.75 7.29
6D-CLIPort 61.00 2.00 1.00 69.67 1.00 1.00 99.20 21.60 22.40 95.20 21.60 21.80 29.00 14.00 6.00 5.00 15.00 5.00 22.92 25.00 22.92 8.33 21.88 15.63

6D-CLIPort (GT Ori) 70.00 4.00 3.67 76.67 3.67 3.67 99.60 25.40 25.80 97.20 25.20 25.20 49.00 14.00 6.00 5.00 15.00 5.00 31.25 30.00 23.96 8.33 23.96 17.71
6D-CLIPort (GT Pos) 61.67 3.00 0.33 67.33 0.67 0.67 100.00 61.00 60.20 99.40 57.40 53.40 80.00 46.00 27.00 83.00 49.00 27.00 79.17 43.75 43.75 87.50 50.00 52.08

Table A.5.: Results of all variations. The notations are used the same as in Table 2.3.
Color Shape Size Relative Position

Agent Seen Unseen Seen Unseen Seen Unseen Seen Unseen

G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC

Language-Only 0.00 0.33 0.00 0.00 0.00 0.00 0.00 0.25 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vision-Only 29.67 14.17 6.00 30.00 13.00 5.00 42.75 21.00 6.00 46.25 20.00 8.50 36.49 15.12 6.05 36.09 12.76 5.10 31.46 19.73 6.80 31.97 12.76 5.10
6D-CLIPort 69.83 19.67 15.17 69.00 17.50 13.00 69.75 33.25 23.00 71.25 27.25 19.50 70.56 25.40 18.35 64.31 21.77 14.92 68.03 27.72 15.31 69.56 20.75 15.82

6D-CLIPort (GT Ori) 72.00 24.67 18.67 70.83 26.00 17.67 70.25 39.75 28.00 72.50 33.75 27.25 71.57 29.23 20.97 66.53 28.02 17.74 70.58 33.33 21.43 71.09 29.42 18.37
6D-CLIPort (GT Pos) 90.67 42.33 40.17 90.33 37.50 35.00 96.00 59.75 56.25 96.75 53.25 51.25 90.32 47.58 44.96 91.53 41.33 38.51 89.12 41.50 38.61 90.99 36.39 34.86

Direction Level Action Type Amount

Seen Unseen Seen Unseen Seen Unseen Seen Unseen

G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC G-G G-M SC

Language-Only 0.00 0.00 0.00 0.00 0.00 0.00 5.21 15.63 4.17 3.13 13.54 1.04 2.55 7.65 2.04 1.53 6.63 0.51 2.55 7.65 2.04 1.53 6.63 0.51
Vision-Only 99.00 15.00 21.00 95.00 22.00 24.00 26.04 21.88 14.58 1.04 18.75 7.29 12.76 10.71 7.14 0.51 9.18 3.57 12.76 10.71 7.14 0.51 9.18 3.57
6D-CLIPort 98.00 19.00 21.00 100.00 22.00 26.00 22.92 25.00 22.92 8.33 21.88 15.63 26.02 19.39 14.29 6.63 18.37 10.20 26.02 19.39 14.29 6.63 18.37 10.20

6D-CLIPort (GT Ori) 99.00 26.00 26.00 98.00 29.00 27.00 31.25 30.00 23.96 8.33 23.96 17.71 40.31 22.45 14.80 6.63 19.39 11.22 40.31 22.45 14.80 6.63 19.39 11.22
6D-CLIPort (GT Pos) 100.00 63.00 53.00 100.00 56.00 41.00 79.17 43.75 43.75 87.50 50.00 52.08 79.59 44.90 35.20 85.20 49.49 39.29 79.59 44.90 35.20 85.20 49.49 39.29
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§ B.1. Implementation Details

JARVIS takes advantage of both connectionism and symbolism. Here we őrst introduce

the learning details of the deep learning modules in JARVIS, followed by the symbolic

commonsense reasoning. Then we introduce the task completion process of the JARVIS

framework, shown in the Algorithm 1.

B.1.1. Learning Modules

Here we elaborate on the implementation details of the learning and symbolic reasoning

modules in our framework, including language understanding and planning, semantic

world representation, and goal transformer.

Language Understanding and Planning

For data collection of the EDH task, we collect one data sample from each EDH instance.

In each data sample, the input contains a history dialogue between the commander and

the follower and history sub-goals that have been executed, and the output is the future

sub-goals. We create special tokens <COM>, <FOL> to concatenate different utterances

of the dialogue, and <HIS> to concatenate the history sub-goals and dialogue. Note that
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the history sub-goals are not available in the training set, so we translate the provided

history actions into history sub-goals by excluding all the navigation. For the TfD

task, we collect the whole dialog sequence and the whole ground truth future sub-goal

sequence from each TfD instance as input and output for training. We collect the same

data scheme from seen validation EDH/TfD instances for validation. We adapt the

pre-trained BART-LARGE [55] model and őne-tune the BART model separately on the

collected training data for each task. We follow the Huggingface [252] implementation

for the BART model as well as the tokenizer. The BART model is őnetuned for 50

epochs and selected by the best validation performance. We use the Adam optimizer

with a learning rate of 5× 10−5. The maximum length of generated subgoal is set to 300,

and the beam size in beam search is set to 4.

Semantic World Representation

For Mask-RCNN [54], we use a model pre-trained on MSCOCO [253] data and őne-tune

it on collected data from training environments of TEACh dataset. We get the ground

truth data samples from the provided interface of AI2THOR. During training, the loss

function is as follows:

(B.1.1) 𝐿 = 𝐿𝑐𝑙𝑠 + 𝐿𝑏𝑜𝑥 + 𝐿𝑚𝑎𝑠𝑘

Where 𝐿𝑐𝑙𝑠 is the cross entropy loss of object class prediction. 𝐿𝑏𝑜𝑥 is a robust 𝐿1 loss

of bounding box regression. And 𝐿𝑚𝑎𝑠𝑘 is the average binary cross entropy loss of

mask prediction, where the neural network predict a binary mask for each object class.

Following [254], we use the batch size of 4 and learning rate of 5×10−3 for Mask-RCNN

training. We train for 10 epochs and select by the best performance on data in unseen
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validation environments.

For the depth prediction model, we use an Unet-based model architecture same as

[88]. We get the images and ground truth depth frames from the training environments of

TEACh dataset by AI2THOR [255] too. The range of depth prediction is from 0-5 meters,

with an interval of 5 centimeters. Thus, the depth prediction problem is formulated as a

classiőcation problem over 50 classes on each pixel. During training, the loss function is

a pixel-wise cross entropy loss:

(B.1.2) 𝐿 = CE(𝐷𝑝𝑟𝑒𝑑𝑖𝑐𝑡, 𝐷𝑔𝑡)

𝐷𝑔𝑡 stands for ground truth depth and 𝐷𝑝𝑟𝑒𝑑𝑖𝑐𝑡 stands for predicted depth. During training,

we follow the training details in [88] and using the batch size of 4, learning rate of

1 × 10−4. We train for 4 epochs and select by the best performance on data in unseen

validation environments.

For semantic map construction, we őrst project the depth and semantic information

predicted by learned models into a 3-D point cloud voxel, based on which we do vertical

projection and build a semantic map of 240× 240 for each object class and obstacle map.

Each pixel represents a 5𝑐𝑚 × 5𝑐𝑚 patch in the simulator.

Goal Transformer

We collect one data sample from each EDH instance to train the Goal Transformer. The

Goal Transformer takes the ground truth future sub-goals, history images, and history

actions as inputs. We modify the prediction head of the Episodic Transformer to generate

the actions in TEACh benchmarks [11]. The Goal Transformer uses a language encoder

to encode the future sub-goals, an image encoder (a pre-trained ResNet-50) to encode
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the current and history images, and an action embedding layer to encode the history

actions in order. The model is trained to predict future actions autoregressively. During

training, we use the cross entropy loss between the ground truth future action 𝐴𝑔𝑡 and

predicted future action, as is 𝐴𝑝𝑟𝑒𝑑𝑖𝑐𝑡:

(B.1.3) 𝐿 = CE(𝐴𝑝𝑟𝑒𝑑𝑖𝑐𝑡, 𝐴𝑔𝑡)

We follow the episodic transformer (E.T.) [86] training details for the goal transformer

model. The batch size is 8 and the training epoch is 20. We use the Adamw optimizer

[256] with a learning rate of 1 × 10−4.

Symbolic Reasoning

Here, we provide some details of the implementations of the symbolic reasoning part. In

task-level commonsense reasoning, we mainly check sub-goals from two perspectives:

properties and causality. For properties, we need to check whether the action is affordable

for the object. Therefore, we deőne some object collections depending on the properties,

including movable, sliceable, openable, toggleable, and supportable. We can determine

the unreasonable sub-goals by checking whether the planned object can afford the

corresponding action. Then, causality means whether the sub-goal sequence obey the

causal relations, like "a knife in hand" should always be the prerequisite of "slice a bread".

To achieve this purpose, we deőne some rules of prerequisites and solutions according to

commonsense, including placing the in-hand object before picking something, removing

the placing action if nothing in hand, etc. To check the prerequisites, we assume all the

previous sub-goals are completed and check if the agent’s states matches the desired

states. If the current sub-goal and the agent’s state have causal conŕict, we will use
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predeőned solutions to deal with it. For example, we will remove Place(agent, x) if there

is nothing in the hand. We will add Pick(agent, "Knife") before Slice(agent, "Bread") if

the agent do not grasp a knife in hand. The whole process can be found in Algorithm 2.

We consider both the semantic map and action states for action-level commonsense

reasoning. In general, the agent updates the semantic map according to the observation

of every step. We use the pixels change to detect whether the previous action success. To

determine the next step, the agent must check whether the target object has been observed.

If the target object has been observed, an FMM algorithm will plan a path to the closest

feasible space. Otherwise, we will use the Goal Transformer to determine the next

action for exploration. The action space of the Goal Transformer is all motion actions,

including forwarding, backward, panning left, panning right, turning right, and turning

left. During the movement to the target position, if the agent counterfaces unexpected

collisions due to the error of the semantic map, the agent will save the current pose

and the action from causing the collision. Then, the agent will őrst consider using the

estimated motion action from Goal Transformer. But if the output action of GT is the

same as the previous one leading to the collision, it will take a random motion action.

After the agent reaches the target position, the agent will rotate and move around the

place if the target object cannot be found in the current observation. If all attempts

have been made and the object is still unobservable, the agent will consider it as a false

detection situation and add the corresponding signal in the semantic map. The whole

process can be found in Algorithm 4.
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B.1.2. Task Completion Process of the JARVIS framework

We elaborate logic predicates for symbolic commonsense reasoning in Table B.1.

In Algorithm 1, we show the overall process when our JARVIS framework tries to

őnish an EDH or TfD tasks, which includes two algorithms to implement symbolic

commonsense reasoning predicates: Algorithm. 2 describes semantic map building

process and language planning process, which including the task-level commonsense

reasoning. Algorithm. 4 describes the detailed action generation process with action-level

commonsense reasoning.

B.1.3. Experiment Details for Two Agent Task Completion (TATC)

We experiment with our JARVIS framework on TATC task in three different settings,

where there are different constraints about how much information will be available to

the Commander for generating instructions. As in Table. 3.2, in the őrst setting named

full info. setting, the Commander has all information about the current subgoal, eg.

pickup knife, target object location and the ground truth segmentation of the target

object in the view. In this setting, same as the setting in [11], the Commander can

speciőcally instructs where the Follower should interact to őnish the current subgoal. In

the second setting, we eliminate the ground truth segmentation of the target object from

the information provided to the Commander. As a result, the Commander could still

instruct the Follower to arrive near the target object but will not be able to explicitly tell

the follower the ground truth location of the target object in the view. In the third setting,

we further restrict the target object location (goal location) from the information to the

Commander and thus the instruction generated from the Commander will not include
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Table B.1.: Logic predicates for symbolic commonsense reasoning.
Task Common Sense Action Common Sense

𝑀𝑜𝑣𝑎𝑏𝑙𝑒(𝑥) True if 𝑥 can be moved by the agent. 𝐼𝑠𝐸𝑚𝑝𝑡𝑦(𝑥) True if location 𝑥 is empty in map.
𝑆𝑙𝑖𝑐𝑒𝑑𝑎𝑏𝑙𝑒(𝑥) True if 𝑥 can be sliced into parts. 𝑂𝑏𝑠𝑒𝑟𝑣𝑒(𝑥) True if 𝑥 is observed.
𝑂𝑝𝑒𝑛𝑎𝑏𝑙𝑒(𝑥) True if 𝑥 can be opened or closed. 𝑆𝑢𝑐𝑐𝑒𝑠𝑠(𝑥, 𝑦) True if action 𝑥 can be executed at state 𝑦.

𝑇𝑜𝑔𝑔𝑙𝑒𝑎𝑏𝑙𝑒(𝑥) True if 𝑥 can be toggled on or off. 𝑁𝑒𝑎𝑟(𝑥, 𝑦)
True if the distance from the agent
to 𝑥 is smaller than 𝑦.

𝐼𝑠𝑅𝑒𝑐𝑒𝑝𝑡𝑎𝑐𝑙𝑒(𝑥) True if 𝑥 can support other objects. 𝑀𝑜𝑣𝑒(𝑥, 𝑦)
∃𝑃 ⊆ 𝑉,∀𝑖 ∈ 𝑃, 𝐼𝑠𝐸𝑚𝑝𝑡𝑦(𝑖)

where 𝑉 is the all possible paths from 𝑦 to 𝑥.
𝐼𝑠𝐺𝑟𝑎𝑠𝑝𝑒𝑑 (𝑎𝑔𝑒𝑛𝑡) True if agent has grasped something. 𝐶𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛(𝑥, 𝑦) 𝑀𝑜𝑣𝑒(𝑥, 𝑦) ∧ ¬𝑆𝑢𝑐𝑐𝑒𝑠𝑠(𝑥, 𝑦)

𝑃𝑖𝑐𝑘(𝑎𝑔𝑒𝑛𝑡, 𝑥)
¬𝐼𝑠𝐺𝑟𝑎𝑠𝑝𝑒𝑑(𝑎𝑔𝑒𝑛𝑡)

∧𝑀𝑜𝑣𝑒𝑎𝑏𝑙𝑒(𝑥)
𝑇𝑎𝑟𝑔𝑒𝑡(𝑥, 𝑦) 𝑂𝑏𝑠𝑒𝑟𝑣𝑒(𝑥) ∧ 𝑀𝑜𝑣𝑒(𝑥, 𝑦)

𝑃𝑙𝑎𝑐𝑒(𝑎𝑔𝑒𝑛𝑡, 𝑥) 𝐼𝑠𝐺𝑟𝑎𝑠𝑝𝑒𝑑(𝑎𝑔𝑒𝑛𝑡) ∧ 𝐼𝑠𝑅𝑒𝑐𝑒𝑝𝑡𝑎𝑐𝑙𝑒(𝑥) 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑣𝑒(𝑎𝑐𝑡𝑖𝑜𝑛, 𝑥) 𝑂𝑏𝑠𝑒𝑟𝑣𝑒(𝑥) ∧ 𝑁𝑒𝑎𝑟(𝑥, 0.5)

𝑆𝑙𝑖𝑐𝑒(𝑎𝑔𝑒𝑛𝑡, 𝑥) 𝑃𝑖𝑐𝑘(𝑎𝑔𝑒𝑛𝑡, “𝐾𝑛𝑖 𝑓 𝑒”) ∧ 𝑆𝑙𝑖𝑐𝑒𝑎𝑏𝑙𝑒(𝑥) 𝐼𝑔𝑛𝑜𝑟𝑒(𝑎𝑐𝑡𝑖𝑜𝑛, 𝑥)
¬𝑂𝑏𝑠𝑒𝑟𝑣𝑒(𝑥) ∧ 𝑁𝑒𝑎𝑟(𝑥, 0.5)

after exploring around x for serval times.

any ground truth information about where the target object is.

§ B.2. Notation Table

We describe the notation used in this paper in Table. B.2.

Table B.2.: Primary notation table.

Symbol Description

A The action space.
𝐴 A random variable representing the action sequence.
𝑎𝑡 A speciőc action at time 𝑡.
∫ The environment state space.
𝑠𝑖 The initial state.
𝑠 𝑓 The őnal state.
𝐷 Dialogues consisting of pairs of players and utterance.
𝑝 The players which can only be Commander or Follower.
𝑢 The utterance.
𝑉 A random variable representing the visual input of the Follower.
𝐺 The sequence of sub-goals which is an intermediate guidance used for making decisions.
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Navigate Fridge

Open Fridge

Navigate CounterTop

Place CounterTop

Navigate Potato

Pickup Potato

Navigate Fridge

Close Fridge

Initial egocentric views:

History dialogue: Sub-goals:

What should I do today?

We will make a salad. Please begin 

with 2 slices of lettuce.

I have sliced the lettuce.

Commander Follower

History sub-goals:

Navigate Knife, Pickup Knife, Navigate Fridge, Open Fridge, Navigate CounterTop, 

Place CounterTop, Navigate Lettuce, Pickup Lettuce, Navigate CounterTop, Place. 

CounterTop, Pickup Knife, Navigate Lettuce, Slice Lettuce, Close Fridge

…

Hello

Where is the lettuce?

The lettuce is in the fridge.

Please now cook a slice of potato.

1 2 3

Where is the potato?

The potato is in the fridge.

Semantic map in progress:

(a)

Initial egocentric view:History dialogue:

Hello,  may I have my first task?

I need you to put the pencil on the 

desk. The pencil is on the chair.

I put the pencil on the desk. 

What is my next task?

Commander Follower
1 2 3

Predicted action is Forward

all the time. Then stuck and fail.

(b)

Figure B.1.: EDH example. (a) shows an example of our JARVIS in EDH task, where
the inputs are dialog history and sub-goal history (converted from action
history input). The inputs are őrst interpreted by the Language Parsing
Module to become sub-goals. Then, our Symbolic Reasoning Module will
generate action predictions. The predicted actions will change the follower’s
egocentric views and the semantic map will be built up and completed
gradually. ⑥♠1 shows the agent is opening the fridge ⑥♠2 shows the agent
has placed the knife and navigate back to the fridge. ⑥♠3 shows the agent
is picking up the potato. (b) is an example demonstrating a typical way of
how Episodic Transformer fails on EDH task. In this case, the E.T. model
predicts łForward" repetitively even facing the wall, therefore stuck at the
current position.
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Algorithm 1 Task Completion Process of the JARVIS framework

Require: History observations 𝑉history, History agent actions 𝐴history, Utterance 𝑢

1: 𝐺future, 𝑀semantic ← Algorithm 2(𝑉history, 𝐴history, 𝑢)

2: pointer← 0

3: fail_times← 0

4: step← 0

5: need_stop← False
6: 𝑎prev ← 𝐴history [−1] ⊲ Previous action is the last in history
7: 𝑣curr, success_execute← Simulator.Step(𝑎prev)

8: while not need_stop do

9: 𝑎next, 𝑀semantic, pointer← Algorithm 4(𝑎prev, 𝑣curr, 𝑀semantic, pointer, 𝐺future)

10: 𝑣curr, success_execute← Simulator.Step(𝑎next)

11: 𝑎prev ← 𝑎next

12: step← step + 1

13: if not success_execute and 𝑎prev is an interaction action then

14: fail_times← fail_times + 1

15: end if

16: if fail_times ⩾ 30 or step ⩾ 1000 or 𝑎next is "Stop" then

17: need_stop← True
18: end if

19: end while

§ B.3. Case Study

In the EDH task, the agent can process history dialog and execute sub-goals, and

plan future actions to complete the task. With well-designed Symbolic Commonsense

Reasoning module, the agent can efficiently navigate to the target location and execute

planned actions, as shown in Figure. B.1. In the TfD task, the agent is able to understand

the dialog and break down the whole task into future sub-goals, and execute it correctly,

as in Figure. B.2.

We also show an example of one classic error of episodic transformer in B.1b. The
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Algorithm 2 Semantic Map Building and Language Planning

Require: History observations 𝑉history, History agent actions 𝐴history, Utterance 𝑢
Ensure: Future Subgoals 𝐺future, Semantic map 𝑀semantic

1: 𝐺history ← [ ], 𝑀semantic ← ∅, pointer← 0, need_nav← False
⊲ Part 1: Process History and Update Semantic Map

2: for 𝑖← 0 to 𝑡 − 1 do

3: 𝑎𝑖 ← 𝐴history [𝑖], 𝑣𝑖 ← 𝑉history [𝑖]

4: if 𝑎𝑖 ∈ interaction_action then

5: Target_object← 𝑎𝑖.target_object
6: if need_nav then

7: 𝐺history ← 𝐺history + [Navigate, Target_object] +

[𝑎𝑖.action_name, Target_object]

8: else

9: 𝐺history ← 𝐺history + [𝑎𝑖.action_name, Target_object]

10: end if

11: need_nav← False
12: else

13: need_nav← True
14: 𝑀semantic ← ObservationProject(𝑣𝑖, 𝑎𝑖, 𝑀semantic)

15: end if

16: end for

⊲ Part 2: Planning and Common Sense Processing
17: 𝐺future ← LanguagePlanner(𝐺history, 𝑢)

18: 𝐺future ← TaskCommonSenseProcess(𝐺future) ⊲ Detailed in Algorithm 3
19: Initialize Goal_Transformer with 𝑉history, 𝐴history, 𝐺history

E.T. model will repetitively predict łForward" when facing the wall, or łPickup Place" in

some other cases. This is because the agent can not correctly and robustly infer correct

actions from all the input information.

Figure. B.3 illustrates how our JARVIS framework can be adapted to the TATC task

under the setting that the commander can acquire state changes needed to be complete,

ground truth segmentation, and object location. The symbolic commonsense reasoning

action module of our JARVIS-based follower can generate actions to complete the

sub-goals provided by the commander.
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Navigate cloth

Pickup cloth

Navigate bathtub

Place bathtub

Initial Egocentric View:

History dialogue: Sub-goals:

Hello,  what should I do today?

Put the cloth in the bathtub.

It’s on top of the toilet.

Where is the cloth

Commander Follower

1 2 3

Semantic map in progress:

Figure B.2.: Successful TfD example from our JARVIS framework. According to the
dialog, the language planner estimate four future sub-goals: ("Navigate
cloth", "PickUp Cloth", "Navigate Bathtub", "Place Bathtub"). Then with
the symbolic reasoning module, interaction and navigation actions are
predicted. ⑥♠1 shows the agent is őnding the cloth. ⑥♠2 shows the agent has
picked up the cloth and then found the bathtub. ⑥♠3 shows the agent can
correctly put the cloth on the bathtub.

§ B.4. Error Analysis

Table B.3.: Average action failure rate on validation set for EDH, TfD and TATC tasks.
When the time of action failure in a session reaches 30, the session will
be forced to end, causing a task failure. The action failure exist widely in
sessions.

Failure Mode EDH(%) TfD(%) TATC(%)

No action failure 4.0 17.0 5.8
Action failures exist but are less than 30 times 78.8 79.9 69.0
Action failures reaches 30 times 17.2 3.1 25.2

According to Table. B.3, we őnd that all failed tasks include at least one action failure.

For the shorter tasks, like EDH, the dominant situation is łAction failures are less than

30 times", while the longer tasks, like TfD and TATC, include even more action failures

due to more sub-goals. To this aspect, we further analyze the action failure reason as in
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Table B.4.: Action failure categorization result on a sub-set of validation set for all three
tasks. The numbers show the rate of a certain failure action occurs among
the total action failure time.

Action failure reason EDH(%) TfD(%) TATC(%)

Hand occupied when picking up 3.20 1.46 1.04
Knife not in hand when cutting 3.12 1.82 1.36
Target object not support open/close 0.21 0.36 0.83
Cannot open when running 0.07 0.80 0.31
Blocked when moving 40.81 40.74 47.34
Collide when rotating 5.68 3.57 0.63
Collide when picking up 0.14 0.00 0.10
Invalid position for placing the held object 9.37 7.94 4.28
Too far to interact 8.52 10.13 4.28
Pouring action not available for the held object 1.13 1.82 0.10
Object not found at location or cannot be picked up 21.50 19.39 28.26
Cannot place without holding any object 6.17 11.30 8.03
Collide when placing 0.00 0.00 0.21
Target receptacle full when placing 0.07 0.66 3.23

Table. B.4, which shows a quantitative analysis of the failed actions categories in the

validation set. We randomly sampled 50 failure episodes in both seen and unseen splits

and computed the average ratio of each action failure category in all the failed actions.

From Table. B.4, we notice that ‘Blocked when moving’ is the most frequent cause of

failure action in all the three tasks, EDH, TfD, and TATC. The main reason is that errors

in depth prediction cause semantic obstacle map errors. Besides, ‘Too far to interact’ is

also mainly caused by wrongly predicting the 3D location of an object. To solve this, we

need to improve the precision of the depth prediction model or design a more delicate

and robust algorithm to update the semantic map. The second frequent failure action

is ‘Object not found at the location or cannot be picked up,’ which could be due to the

wrong predicted location of an object by Mask R-CNN. Moreover, it is also likely caused
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by the situation where the target object is inside a receptacle that needs to be open őrst,

as in Figure. B.4a. ‘Invalid position for placing the held object’ is also mainly caused by

the segmentation error of Mask R-CNN. Thus, improving the ability of two perception

models is the most effective way to avoid failure actions.

Other frequent reasons for failure are ‘Cannot place without holding any object,’ ‘Hand

occupied when picking up,’ and ‘Knife not in hand when cutting.’ These are because of

the wrong judgment of whether the former ‘Place’ and ‘Pickup’ actions have succeeded.

For example, the agent might think it has picked up the knife, while it failed to pick up in

fact, which causes the latter ‘Knife not in hand when cutting.’ We need to further reőne

our Symbolic Commonsense Reasoning Action module for these cases.

Instead of the failed actions, a miss-recognized object will also lead to an unsuccessful

task. As in Figure B.4b, the tomato is falsely recognized as an apple, which leads to

a failure when the target object is about łTomato". Additionally, the false sub-goals

estimations also contribute to the failures in task completion. In Section 3.4.5, we

quantitatively analyze the performance of the Language Planning Module in the JARVIS

framework. Here, we show a typical qualitative error result in Fig. B.5. According to

the dialog, the ground truth future sub-goals need the follower to put all potatoes on the

plate. However, the estimated sub-goals indicate one slice of potatoes and tomatoes will

be put on the plate, which will cause the unsatisőed state changes.
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Algorithm 3 Task Common Sense Processing

1: function TaskCommonSenseProcess(𝐺)
2: picked_object← None
3: for 𝑖← 0 to 𝐺.length − 1 do

4: 𝑎𝑖 ← 𝐺 [𝑖].action, object𝑖 ← 𝐺 [𝑖].target_object
5: if 𝑎𝑖 is "PickUp" then

6: if Movable(object𝑖) then

7: if picked_object ≠ None then

8: Add [Place,CounterTop] into 𝐺 before step 𝑖
9: end if

10: picked_object← object𝑖
11: else

12: Remove 𝑎𝑖 from 𝐺

13: end if

14: else if 𝑎𝑖 is "Place" then

15: if IsReceptacle(object𝑖) then

16: picked_object← None
17: else

18: Remove 𝑎𝑖 from 𝐺

19: end if

20: else if 𝑎𝑖 is "Slice" then

21: if Sliceable(object𝑖) then

22: if picked_object ≠ "Knife" then

23: Add [. . . ] into 𝐺 before step 𝑖 ⊲ Simpliőed for space
24: picked_object← "Knife"

25: end if

26: else

27: Remove 𝑎𝑖 from 𝐺

28: end if

29: else if (𝑎𝑖 involves invalid Open/Close/Toggle) then

30: Remove 𝑎𝑖 from 𝐺

31: end if

32: end for

33: return 𝐺

34: end function
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Algorithm 4 Action Generation with Action Commonsense Reasoning

Require: Previous action 𝑎𝑡−1, Current observation 𝑣𝑡, Semantic map 𝑀𝑡−1, Subgoal
pointer pointer𝑡−1, Future subgoal 𝐺future

Ensure: Next action 𝑎𝑡, Updated semantic map 𝑀𝑡, Updated subgoal pointer pointer𝑡

1: stop_navigate← False
2: 𝑎𝑡 ← None
3: previous_success← CheckSuccess(𝑣𝑡) ⊲ True if pixel changes > threshold

4: if previous_success then

5: pointer𝑡 ← pointer𝑡−1 + 1

6: ExecutePostActionProcess(𝑎𝑡−1) ⊲ Update planner states
7: 𝑀𝑡 ← ObservationProject(𝑣𝑡, 𝑎𝑡−1, 𝑀𝑡−1)

8: else

9: pointer𝑡 ← pointer𝑡−1

10: 𝑀𝑡 ← UpdateCollision(𝑎𝑡−1, 𝑀𝑡−1)

11: end if

12: 𝑔𝑡 ← 𝐺future [pointer𝑡]

13: Goal_ET_action← Goal_Transformer.GetNextAction(𝑣𝑡, 𝑎𝑡−1, 𝑔𝑡)

14: object𝑡 ← 𝑔𝑡 .target_object
15: target_observed← Observe(object𝑡) ⊲ True if target is in current 𝑣𝑡
16: target_found← FindInMap(object𝑡, 𝑀𝑡) ⊲ True if target is in 𝑀𝑡

17: if target_found then

18: stop_navigate← Near(object𝑡, 0.5) ⊲ True if distance to target < 0.5m
19: if stop_navigate then

20: if target_observed then

21: 𝑎𝑡 ← Interaction(𝑔𝑡 .action, object𝑡)

22: else

23: 𝑎𝑡 ← FindTargetNearDestination(𝑀𝑡) ⊲ Perform delta moves
around destination

24: end if

25: else

26: 𝑎𝑡 ← FMM(object𝑡, 𝑀𝑡)

27: end if

28: else

29: 𝑎𝑡 ← Goal_ET_action

30: end if

31: if not previous_success and 𝑎𝑡 = 𝑎𝑡−1 then

32: 𝑎𝑡 ← GenerateRandomFesibleAction(𝑀𝑡) ⊲ Random non-colliding
movement

33: end if

34: return 𝑎𝑡, 𝑀𝑡, pointer𝑡
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Commander

Follower egocentric views during actions:

1. API Call: ProgressCheck

2. API Call: SearchObject Faucet

3. Text: 

“Navigate Faucet @ (3, 5.25, 270o),

TurnOff Faucet @ (0.6, 0.45)”

1. API Call: ProgressCheck

2. API Call: SearchObject Sink

3. Text: 

“Navigate Faucet @ (3, 5, 270o), 

Clean Sink”

Commander

Commander actions:

Follower egocentric views during actions:Commander actions:

1. API Call: ProgressCheck

2. API Call: SearchObject Mug

3. Text: 

“Navigate Mug @ (2, 5, 270o),

Pickup Mug @ (0.7, 0.37)”

Commander

Follower egocentric views during actions:Commander actions:

1. API Call: ProgressCheck

2. API Call: SearchObject Mug

3. Text: 

“Navigate Sink @ (3, 5.25, 270o),

Place Sink @ (0.8, 0.4)”

Commander

Follower egocentric views during actions:Commander actions:

1. API Call: ProgressCheck

2. API Call: SearchObject Faucet

3. Text: 

“Navigate Faucet @ (3, 5.25, 270o), 

TurnOn&Off Faucet @ (0.6, 0.45)”

Commander

Follower egocentric views during actions:Commander actions:

1. API Call: ProgressCheck

2. API Call: SearchObject Mug

3. Text: 

“Navigate Mug @ (3, 5, 270o),

Pickup Mug @ (0.8, 0.4)”

Commander

Follower egocentric views during actions:Commander actions:

1. API Call: ProgressCheck

2. API Call: SearchObject Plant

3. Text: 

“Navigate Plant @ (0, 5, 270o),

Pour Plant@ (0.55, 0.6)”

Commander

Follower egocentric views during actions:Commander actions:

Follower question:

Follower

I’m done.

What’s next?

Follower question:

I’m done.

What’s next?

Follower question:

I’m done.

What’s next?

Follower question:

I’m done.

What’s next?

Follower question:

I’m done.

What’s next?

Follower question:

I’m done.

What’s next?

1

2

3

4

5

6

7

Figure B.3.: TATC łWater the plantž sequence. At each step the commander calls
SearchObject to get an optimal navigation pose (e.g. ⑥♠1 : Navigate to Faucet
@ (3, 5.25, 270°)), then uses ground-truth segmentation to compute an
interaction target (e.g. ⑥♠3 : Pickup Mug @ (0.7, 0.37)). Steps 1ś6 repeat for
Faucet, Sink, Mug, Sink, Faucet, and Mug; step 7 pours water on the Plant
@ (0.55, 0.6). After each sub-goal the follower executes in its egocentric
view and reports completion.
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(a) Object not found at location (b) Miss-recognized target object

Figure B.4.: Action failure examples

History dialogue:

Can you slice a tomato?

The tomato is on the oven

tomato sliced.

Anything else I can help with?

Commander Follower

…

Ok, thank you

How can I help?

yes sure, where can I find a knife

please?

Knife is in the fridge.

Now can you cook 2 slices of potato?

Ok.

I cooked them, do I need to place 

them on a plate?

Predicted sub-goals:

History sub-goals:

Navigate Fridge, Open Fridge, Pickup Knife … Navigate DiningTable, Place DiningTable

Navigate Potato 

Pickup Potato

Navigate Plate

Place Plate

Navigate Tomato

Pickup Tomato

Ground truth sub-goals:

Pickup Potato 

Navigate Plate 

Place Plate 

Pickup Potato 

Place Plate 

Pickup Potato 

Place Plate

Figure B.5.: An example of sub-goal estimation failure. The predicted sub-goal lacks
two important sub-goal as pointed by the red arrows, which causes the task
failure in the end.
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§ C.1. Experimental Settings

C.1.1. Datasets

CC3M [104]: Conceptual Captions (CC3M) dataset represents a remarkable collection

of high-quality image captions, amassing approximately 3.3 million pairs of text and

images from the internet. The CC3M dataset’s diverse content, quality assurance,

and support for multimodal learning make it a valuable asset for researchers and AI

enthusiasts. Each dataset sample consists of an image accompanied by a corresponding

text description, reŕecting the richness of human language and visual perception.

However, after accounting for license restrictions and eliminating invalid image links,

the dataset comprises approximately 2.2 million data pairs suitable for training purposes

and 10 thousand data pairs designated for validation.

VIST [105]: Visual Storytelling (VIST) dataset is an innovative compilation of visual

narratives. The VIST dataset’s engaging content, narrative structure, and emphasis on

sequential understanding position it as an essential resource for researchers focusing on

sequential image understanding. Each sequence within this dataset consists of őve images

accompanied by corresponding textual narratives, showcasing the intricate interplay
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between visual imagery and storytelling. Designed to foster creativity and challenge

conventional image-captioning models, the dataset provides a platform for training

and validating algorithms capable of generating coherent and contextually relevant

stories. After eliminating the invalid image links, we got over 65 thousand unique photos

organized into more than 34 thousand storytelling sequences for training and 4 thousand

sequences with 8 thousand images for validation.

MMDialog [107]: Multi-Modal Dialogue (MMDialog) dataset stands as the largest

collection of multimodal conversation dialogues. The MMDialog dataset’s extensive

scale, real human-human chat content, and emphasis on multimodal open-domain

conversations position it as an unparalleled asset for researchers and practitioners in

artiőcial intelligence. Each dialogue within this dataset typically includes 2.59 images,

integrated anywhere within the conversation, showcasing the complex interplay between

text and visual elements. Designed to mirror real-world conversational dynamics, the

dataset is a robust platform for developing, training, and validating algorithms capable

of understanding and generating coherent dialogues that seamlessly blend textual and

visual information.

C.1.2. Data Format

Pretraining Stage In the pretraining stage, we aim to synchronize the generative voken

with the text-to-image model’s conditional feature, focusing on single-turn text-image

pairs. To achieve this, we utilize data from the CC3M dataset, constructing training

samples by appending vokens as image placeholders after the captions, such as ła big

black dog [IMG1] . . . [IMGn].ž The Language Model (LLM) is then tasked with only
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generating these placeholders for text creation, and the corresponding output hidden

features are further employed to compute the conditional generation loss with the ground

truth image.

Fine-tuning Stage In this stage, we utilize the VIST and MMDialog datasets, which

contain multi-turn multimodal data. During training, we integrate placeholders for

input images, such as ’<Img><ImageHere></Img>’, into the input text prompts when

applicable. These prompts also encompass various instructions corresponding to different

task types, with outputs manifesting as pure-text, pure-voken, or text-voken combinations.

Below, we present example templates in the VIST dataset to illustrate the different task

types:

• Text Generation: Input: ł<History Context> What happens in the next scene

image: <Img><ImageHere></Img>ž; Output: ł<Text Description>ž

• Image Generation: Input: ł<History Context> Generate an image with the scene

description: [Text Description]ž; Output: ł[IMG1]...[IMGn]ž

• Text-Image Generation: Input: ł<History Context> What should happen then?ž;

Output: ł<Text Description> [IMG1]...[IMGn]ž

By structuring the input and output in this manner, we create a ŕexible framework that

accommodates various multimodal tasks, enhancing the model’s ability to interpret and

generate textual and visual content. The history context in the VIST dataset includes

all previous story steps with texts and images. In the MMDialog dataset, due to the

limitation of computational resources, we only use up to one previous turn as the history

context, and all data are formatted into the dialog.
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Figure C.1.: Screenshot for human evaluation interface on the Amazon Mechanical Turk
crowdsource evaluation platform. Output 1 is generated by MiniGPT-5,
while output 2 is generated by the two-stage baseline.

§ C.2. More Experiments

C.2.1. Evaluation of Guidance Scale

Since our model incorporates CFG, evaluating how different guidance scales affect

image generation is crucial. Therefore, we plotted several line charts in Fig C.2 to depict

the changes in metrics with varying guidance scales. The őgures reveal that the stable

diffusion model and our model generate better images as the guidance scale increases.

However, when the scale exceeds 10, the image semantic coherence stabilizes while the
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(a) FID vs CFG Scale (b) IS vs CFG Scale

(c) CLIP-T vs CFG Scale (d) CLIP-I vs CFG Scale

Figure C.2.: Line charts for various metrics vs Classiőer-free Guidance (CFG) scale on
CC3M. The results suggest that our CFG strategy can exhibit comparable
effectiveness to the CFG strategy employed in SD2, with the appropriate
CFG scale signiőcantly enhancing both image quality and coherence.

image quality declines. This suggests that the guidance scale should be set within a

reasonable range for optimal image generation.

C.2.2. Evaluation of Voken Number

The voken features in our model are directly utilized as conditions in the text-to-image

model, leading to the expectation that an increase in the number of vokens would enhance

the model’s representative capabilities. To validate this hypothesis, we experimented by

training the model with varying numbers of vokens, ranging from 1 to 8. As illustrated

in Fig C.3, the model’s performance consistently improves with adding more vokens.
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Table C.1.: Texture preservation on VIST (őnalśstep).

Model FID (↓)

GILL [125] 61.85
MiniGPT-5 (MiniGPT-4 + SD 2.1) 59.48
MiniGPT-5 (Qwen2.5-VL + SD3) 56.32

This improvement is particularly noticeable when the number of vokens is increased

from 1 to 4, highlighting the signiőcant role that vokens play in enhancing the model’s

effectiveness.

C.2.3. Texture Preservation via FID

To assess whether models preserve the textures present in prior images when generating

the last image of a story, we evaluate on VIST in a łőnalśstepž setting: for each story,

all preceding step images and narrations are provided as context, and the model must

produce the őnal image. We then compute FID between the set of generated őnal images

and the ground-truth őnal images from VIST. This directly measures the realism and

low-level appearance consistency of the predicted őnals relative to the true őnals under an

identical multimodal context, shown in Table C.1. In this setting, ViLGen (Qwen2.5-VL

+ SD3) attains the lowest FID, indicating stronger retention of low-level textures in the

generated őnal images.
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(a) FID vs 𝑛𝑣𝑜𝑘𝑒𝑛 (b) IS vs 𝑛𝑣𝑜𝑘𝑒𝑛

(c) CLIP-T vs 𝑛𝑣𝑜𝑘𝑒𝑛 (d) CLIP-I vs 𝑛𝑣𝑜𝑘𝑒𝑛

Figure C.3.: Line charts for various metrics vs the number of vokens on CC3M. As the
number of vokens increases, the image quality and CLIP scores improve. In
this work, our default voken number is 8.

§ C.3. More Qualitative Examples

In this section, we provide additional qualitative examples to further demonstrate the

capabilities of MiniGPT-5. Figures C.4,C.5,C.6, and C.7 showcase these examples

across various datasets and settings.

Figure C.4 presents a comparative analysis on the VIST validation set, illustrating

how MiniGPT-5 outperforms baseline models in terms of image generation quality and

alignment with multimodal inputs. The examples highlight the superiority of MiniGPT-5

in generating images that closely match the given text prompts.

In Figure C.5, we focus on the performance of MiniGPT-5 in free multimodal

generation scenarios. The results clearly indicate an improvement over the Two-Stage
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baseline, emphasizing MiniGPT-5’s ability to perform consistent and creative multimodal

generation.

Figure C.6 showcases the application of MiniGPT-5 in the context of the MMDialog

test set. Here, the emphasis is on free multimodal dialog generation, with MiniGPT-

5 displaying a decent performance in generating coherent and contextually relevant

multimodal dialogues.

Lastly, Figure C.7 highlights MiniGPT-5’s performance in single text-to-image

generation tasks on the CC3M validation set. The examples underline the model’s

proőciency in generating visually accurate and contextually appropriate images from

textual descriptions, surpassing the performance of baseline models.

Each őgure includes a clear depiction of input prompts (indicated in orange blocks)

and the corresponding model outputs (in green blocks), providing a comprehensive view

of MiniGPT-5’s capabilities across different multimodal generation tasks.
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i had a photo
session with my

favorite doll.

she is so
philosophical
sometimes.

the cat likes
her too, they

were having a
good time.

the cat really likes
her, he even gave

her a kiss !

she finished
the session
posing with
her guitar,

she's such a
good

musician.

GILL SD 2 Two-stage MiniGPT-5 GT

we didn't expect
such beauty

outdoors.

the bridge was
all i thought it

would be.

the view of the
water were
amazing.

the bridge was
breath taking.

we all agreed
the food was

fantastic.

GILL SD 2 Two-stage MiniGPT-5 GT

i took my wife out
for our anniversary

dinner.

our first course
was a light but
delicious salad.

following our
salad we had

squash bisque

for our main course
we had a beautifully

plated salmon.

to end our
wonderful

night we had a
parfait for
dessert.

GILL SD 2 Two-stage MiniGPT-5 GT

Figure C.4.: Comparative examples from MiniGPT-5 and baselines on the VIST valida-
tion set for image generation with multimodal input. Orange blocks denote
input prompts, while green blocks show model outputs.
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On our class trip we all
wore our school uniforms

I got to read many
different book that I

had never read before.

I really enjoyed being
on this trip

MiniGPT-5Two-Stage

This book was about
animals and it had lots of

pictures too.

One of my friends
read us a story from

one of the books.

GT

All of the kids were so
excited to read new

books

The first book I read
had lots of cool

pictures in it.

I really enjoyed
reading the book.

GILL

Celebrating with all of
our friends

Her best friend even
came.

Even my dad got in
on the act.

MiniGPT-5Two-Stage

Even the guy behind us
was great and fun to be

around.

The happy couple
enjoying their
engagement.

GT

This is the crew right
here.

Everyone was in
greate spirits

We had a great
time.

GILL

We got to the town hall
meeting early and there

were a lot of people.

Here's us watching
the introduction.

Everyone had a lot of
questions and the

meeting was very long

MiniGPT-5Two-Stage

We all gathered to
discuss the program

Me and tanner taking
a selfie together after

the meeting.

GT

Me bondrit during
intermission. Jacob and his son.

The meeting was very
informative and we

learned a lot.

GILL

Figure C.5.: More qualitative examples from MiniGPT-5 and baselines on VIST valida-
tion set for free multimodal generation.
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What I find so funny
is everyone has a

strong opinion of me
and no one realises
I'm actually a soppy,
over dramatic bugger
that :growing_heart:

Harry Potter

I've read all the books at least 10
times each!
Harry Potter

Haha he has the full box set
and home and at his Nanna's
:) he even tries to head butt

his lamp like dobby
:face_with_tears_of_joy:

:see-no-evil_monkey:

MiniGPT-5 GT

You would get on with
my 3 year old then he

is obsessed with
Harry potter haha

So cute!! I'm just
about to get into bed

and finish off the
Goblet of Fire for the

millionth time!

Haha I know what you
mean! I'm just about to

finish the last Harry Potter
book! I'm so excited for

the next one!

GILL

It the final FlashbackFridayz of 2019
and we are looking back with a theme
of TravelFaves2019. Tag and retweet

your hosts and guest hosts; Share
yous and tag you friends.

Travelfaves2019 ours is the
gorgeous waterfall in Costa Rica

Luxurious views!  Throwback to
our trip to New Orleans last

January where we stopped by the
Tabasco Factory in Avery Island

MiniGPT-5 GT

Travelfaves2019 we have seen
quite a number of gorgeous

Africa

Our travelfaves2019
what's yours

The Greate Wall of China

GILL

Figure C.6.: More qualitative examples from MiniGPT-5 on MMDialog test set for free
multimodal dialog generation.
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MiniGPT-5SD 2GILL GT

womens hands
sprinkle a dough

with flour close up

MiniGPT-5SD 2GILL GT

sunflowers have a
deep sentimental
meaning for me

MiniGPT-5SD 2GILL GTwe all know
superman , comic
book characters ,

but history is full of
less impressive

heroes

MiniGPT-5 SD 2GILL GT

boy looking in the
encyclopedia

through a
magnifying glass

MiniGPT-5SD 2GILL GT
happy young

businessman with a
folder running up a

drawn stairs along a
concrete wall

Figure C.7.: More qualitative examples from MiniGPT-5 and baselines on CC3M valida-
tion set for single text-to-image generation.
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§ D.1. More Results

D.1.1. Additional Qualitative Results

Figure D.1 presents additional qualitative results comparing SceneFuse-3D with Trel-

lis [6], Hunyuan3D-2 [7], and TripoSG [8] across a diverse set of visual scenes. Besides,

we collect some top-down view images from the internet for qualitative comparisons

on real image inputs, shown in Figure D.2. These examples further demonstrate the

robustness and generality of our approach across different architectural styles, spatial

layouts, and artistic domains.

SceneFuse-3D consistently produces scene assets that are geometrically detailed,

visually coherent, and well-aligned with the input reference images. In contrast, baseline

models frequently suffer from artifacts such as repeated structures, layout collapse,

or low-resolution textures. These comparisons further highlight the beneőts of our

region-based generation and spatial-aware inpainting pipeline in generating diverse 3D

scenes from a single image without training.
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Reference Image Trellis Hunyuan3D-2 TripoSGSceneFuse-3D

Figure D.1.: More qualitative comparisons between SceneFuse-3D and baselines.

From the image, we can őnd that SceneFuse-3D can generate more coherent
scenes from diverse scene images. LGM is skipped since it fails to generate
structured scenes for all inputs.
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Reference Image SceneFuse-3D Trellis Hunyuan3D-2 TripoSG

Figure D.2.: Qualitative comparisons between SceneFuse-3D and baselines in real

images. We sample some top-down view images from the internet for
comparisons. From the image, we can őnd that SceneFuse-3D can generate
more coherent scenes.

D.1.2. Additional Baseline

WonderWorld [218] enables novel view synthesis of 3D scenes from a single image

through text-guided inpainting, which is designed to be effective when a coarse single-

view Gaussian representation is initialized and can be reőned and enriched across

different views. In our task of constructing a consistent 3D scene, we set up the camera

trajectory to rotate along the vertical normal to the horizontal plane of the reference

images for a comprehensive scene synthesis. However, WonderWorld struggles to

generate view-consistent structures and often fails to update the Gaussians effectively due

to suboptimal inpainting results based on the existing observations, shown in Fig. D.3.
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View 1Reference Image View 2 View 3 View 4

Figure D.3.: Results of the WonderWorld. As long as the viewpoint changes, we can
őnd that WonderWorld cannot generate consistent geometry information
for 3D scene generation.

§ D.2. Method Details

Region Extraction Strategy. To generate overlapping regions with balanced seams,

we őrst compute the tight bounding box of all occupied voxels and tile it with a base

grid of non-overlapping patches of size (𝑝𝑥 , 𝑝𝑦 , 𝑝𝑧). For the vertical (𝑧) axis, start

positions are evenly interpolated so that the entire height is covered with the minimum

number of full patches. Next, we insert seam patches to equalise overlap: for every

pair of neighbouring base-grid origins we create an additional patch whose origin is the
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Algorithm 5 Masked Rectiőed Flow for Completion Pipeline

Require: Learned ŕow őeld 𝑣𝜃(𝑥, 𝑡); known latent 𝑥known; mask 𝑚 ∈ {0, 1}; total steps
𝑇; resampling count 𝑈; minimum noise scale 𝜎min

Ensure: Regenerated latent 𝑥0

1: Sample 𝜖 ∼ N(0, 𝐼)
2: Deőne forward_step(𝑥, 𝑡) = (1 − 𝑡)𝑥 + [𝜎min + (1 − 𝜎min)𝑡]𝜖

3: Initialize 𝑥𝑇 ∼ N(0, 𝐼)
4: for 𝑡 = 𝑇, 𝑇 − 1, . . . , 1 do

5: 𝑡prev ← 𝑡 − 1, Δ𝑡 ← 𝑡 − 𝑡prev

6: for 𝑢 = 1, . . . , 𝑈 do

7: 𝑣← 𝑣𝜃(𝑥𝑡, 𝑡)

8: 𝑥𝑡prev
← 𝑥𝑡 − Δ𝑡 𝑣

9: 𝑥̂𝑡prev
← forward_step(𝑥known, 𝑡prev)

10: 𝑥𝑡prev
← 𝑚 ⊙ 𝑥𝑡prev

+ (1 − 𝑚) ⊙ 𝑥̂𝑡prev

11: if 𝑢 < 𝑈 and 𝑡 > 1 then

12: 𝑥𝑡 ← forward_step(𝑥𝑡prev
, Δ𝑡)

13: else

14: 𝑥𝑡 ← 𝑥𝑡prev

15: end if

16: end for

17: end for

18: return 𝑥0

midpoint between themÐőrst along the 𝑥-axis (keeping 𝑦, 𝑧 őxed), then along the 𝑦-axis

(keeping 𝑥, 𝑧 őxed). The union of base and seam origins is deduplicated and sorted, after

which the corresponding voxel sub-volumes are extracted. The procedure returns the

list of patch origins and their binary masks, and is invoked once per scene to deőne the

region schedule used in our region-wise generation and fusion pipeline.

Masked Rectiőed Flow Algorithm For completeness, we provide the full algorithmic

details of the masked rectiőed ŕow completion process used in our spatial-aware 3D

inpainting pipeline. While the core formulation is introduced in Section 5.3.3, this

pseudocode (Algorithm 5) clariőes the iterative update, re-noising, and resampling
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procedures that enable conditional generation of unknown regions while preserving the

known latent structure.

Implementation Details For all rectiőed ŕow generators, we step the sampling time

step 𝑇 = 50. The classiőer-free guidance scales are 7.5 and 5 for the spare structure

generator and structured latent generator. Resampling time 𝑈 during the masked rectiőed

ŕow is set to 2. The whole pipeline can be loaded with an NVIDIA RTX A5000 GPU

with 24G VRAM.

Runtime Analysis All timing measurements are obtained on NVIDIA RTX A5000

GPUs with 24G VRAM, using the same software stack as in our main experiments. The

total runtime of SceneFuse-3D depends primarily on the number of detected landmarks

and the number of non-empty regions. In our current implementation, we select at

most 10 landmark instances; each landmark requires running a full Trellis image-to-

3D generation followed by point-cloud alignment, which takes roughly 1 minute per

landmark. For the scene body, we divide the scene into 8 overlapping regions and

apply the sparse structure generator and structured latent generator with masked rectiőed

ŕow to each region, resulting in approximately 40 seconds per regional completion. In

practice, depending on how many landmarks are actually detected and how many regions

contain active voxels, the end-to-end runtime per scene ranges from about 4 minutes (few

landmarks, sparse regions) to about 14 minutes (many landmarks, dense regions). For

comparison, under the same hardware and resolution settings, a single-pass run of Trellis

takes about 50 seconds, Hunyuan3D-2 about 2 minutes, and TripoSG about 1.5 minutes

for one scene. While our region-wise pipeline incurs additional overhead compared to

these one-shot generators, it enables signiőcantly improved geometry quality and layout
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coherence at scene scale by reusing a őxed-capacity object-centric backbone.

Pipeline Decomposition and Modularity To clarify which components of our method

are reused from existing work and which are newly introduced, we decompose SceneFuse-

3D into three stages: Scene Latent Initialization, Region Generation, and Region Fusion.

In the őrst stage, we build spatial priors and a scene-level structured latent from a single

top-down image using off-the-shelf monocular depth estimation, Florence2, and SAM2,

followed by point-cloud alignment and voxelization into a Trellis-style structured latent

representation. In the second stage, we perform region-wise sparse structure and latent

feature completion in 3D by reusing Trellis’s sparse structure generator 𝐺𝑠 and structured

latent generator 𝐺𝐿, but adapting them with a masked rectiőed-ŕow scheme and local

image conditioning to support spatially constrained, training-free completion at scene

scale. In the őnal stage, we fuse all updated regions back into the global scene latent

with landmark-aware fusion rules that enforce cross-region consistency and preserve

key structures, and then decode the resulting latent into meshes and 3D Gaussians using

Trellis object decoders and standard rendering. Table D.1 summarizes these three stages

and highlights which parts are off-the-shelf and which are introduced in this work.

§ D.3. Experiment Settings

Test Set Generation To evaluate models’ performance under stylistically diverse

conditions, we curated a human-veriőed synthesized image test set with 100 top-down

views. Given an example image, we ask ChatGPT-o3 [257] to generate image prompts

for top-down scene views with these requirements: 1280 × 720 resolution, quasi-
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Table D.1.: Summary of the three-stage SceneFuse-3D pipeline.

Stage Main function Components / status

Scene Latent Initialization Build spatial priors and a scene-
level structured latent from a
single top-down image

Monocular depth, Florence2,
SAM2, point-cloud alignment
and voxelization into a Trellis-
style structured latent; mostly
off-the-shelf with a scene-level
extension (ours).

Region Generation Region-wise sparse structure
and latent feature completion
in 3D

Trellis 𝐺𝑠 and 𝐺𝐿 applied on
cropped regions with masked
rectiőed ŕow and local image
conditioning; our region-based
masked 3D completion built on
Trellis.

Region Fusion Enforce cross-region consis-
tency and decode the őnal 3D
scene

Landmark-aware fusion of the
scene latent (ours) plus Trellis
object decoders and standard
rendering (off-the-shelf).

orthographic three-quarter ("isometric") camera, one hero landmark at the image centre,

10ś20 surrounding buildings, daylight illumination, and "no far-away object". Then, we

used GPT-4o [217] to generate scene images according to the corresponding prompts.

Human Evaluation Given a reference image and observations of two generated scenes,

we ask the human annotator to answer these three questions:

• Which scene, A or B, has geometry that is more detailed, precise, and closer to the

reference image?

• Which scene, A or B, demonstrates a spatial layout and arrangement of objects

that is more coherent and closely aligned with the layout in the reference image?

• Which scene, A or B, exhibits textures that are signiőcantly more coherent and
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consistent with the reference image?

GPT-4o-based Evaluation For GPT-based automatic evaluation, we ask the same

questions as the human evaluation and prompt the model to directly return the answer

with top-5 token log probability. Then, we extract the token probability of ‘A’ and ‘B’ (0

if not included) as the answer weights. We treat 𝑃(A) as a soft vote when our method

is option A (and analogously for B). Weighted win rate is computed as 𝑃(win) if our

model wins, and 1 − 𝑃(lose) otherwise, then averaged across all pairs.

§ D.4. Limitation

Although SceneFuse-3D delivers strong scene-level results, several challenges remain.

The pretrained 3D generator we adopt is trained on single-object imagery; even after

region decomposition, the underlying distribution mismatch can lead to patch-level

hallucinationsÐfor example, duplicated facades, unrealistic roof shapes, or occasionally

missing geometry in otherwise well-observed areas. Future work could mitigate this via

scene-level őne-tuning or domain adaptation.

Geometric holes in our outputs currently arise from two main sources. First, our

coarse spatial prior contains many voids where occlusions obscure geometry; regions

dominated by such unobserved space sometimes inherit empty or over-smoothed surfaces

from the generator. Second, distribution shift can cause the backbone to under-őll

thin or high-frequency structures even in observed regions, leading to observed-space

holes despite valid image evidence. Integrating uncertainty-aware depth completion,

multi-view cues may yield denser scaffolds and more reliable inpainting.
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§ E.1. Method Details

Depth Estimation and Point Cloud Construction. We employ HunyuanWorld-

Mirror [248] for metric depth estimation and camera parameter prediction from both

single images and video frames. For the initial image 𝐼0, the model predicts a metric

depth map and camera intrinsics/extrinsics, which we back-project to obtain the initial

point cloud P0. In subsequent iterations, we extract frames from generated videos and

process each frame through HunyuanWorld-Mirror to obtain per-frame depth maps and

camera parameters. To ensure geometric consistency, we apply multi-view geometric

voting: for each candidate 3D point from frame 𝑘, we project it into all other frames

and verify depth agreement within a tolerance of 0.1 meters. Points with support from

at least 3 views are retained and assigned conődence scores based on the number of

supporting views and local depth gradient magnitude (lower gradients indicate more

reliable estimates). The őltered point clouds from all frames are merged with previous

iterations’ point clouds P𝑡−1 through spatial binning at 5cm resolution, keeping points

with highest conődence in each bin.
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Reference Image EvoScene Trellis Hunyuan3D-2.1 TripoSG

Figure E.1.: Additional qualitative comparisons across diverse scene types. From
left to right: reference images, EvoScene (ours), Trellis, Hunyuan3D-
2.1, and TripoSG. EvoScene produces complete geometry with preserved
architectural details and photorealistic textures, while baselines exhibit
fragmentation, ŕattened representations, or severe geometric distortions.
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3D Scene Mesh Generation. We leverage Trellis [6], a SLAT-based 3D diffusion

model, to generate complete scene meshes. The accumulated point cloud P𝑡 is voxelized

at resolution 1283 to produce an occupancy grid O𝑡 with three states: observed voxels

(from point cloud), carved free-space (along viewing rays), and unknown occluded

regions. For large scenes, we decompose the grid into overlapping 643 patches with

48-voxel overlap and extract corresponding image crops from accumulated observations.

We employ Trellis’s two-stage ŕow-matching generator: the sparse structure generator

őrst completes the binary occupancy. The structured latent generator then produces per-

voxel latent features conditioned on the completed occupancy and image crops. During

generation, we apply test-time optimization with multi-view rendering: every denoising

steps, we decode the current SLAT into 3D Gaussians, render from all accumulated

views, and compute gradients of the photometric loss Lmv (Eq. 6.3.4) with weights

𝜆1 = 1.0, 𝜆2 = 1.0, 𝜆3 = 1.0. These gradients guide 5 optimization steps (learning

rate 1.0) before resuming diffusion. The őnal SLAT is decoded into both a mesh (via

Marching Cubes) and 3D Gaussians for differentiable rendering.

Depth-Conditioned Video Generation. For novel view synthesis in Stage C, we

render the completed mesh from 𝑁 = 121 viewpoints along an orbital trajectory spanning

the target rotation angle. Camera trajectories alternate between iterations: iteration 1

uses azimuth range [0◦,+45◦] and iteration 2 uses [0◦,−45◦], with elevation and radius

őxed to the camera pose of the original reference image. For each viewpoint, we render

a disparity map (inverse depth) from the mesh, normalize it to [0, 1], and resize to

1024 × 1024. These disparity maps serve as geometric conditioning for Wan2.2-Fun-

5B-Control [226], a depth-conditioned video diffusion model. We construct the prompt
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as: "Camera orbiting around a static 3D scene, őlling the blank space with detailed

and realistic details, geometry consistent, high quality, 8k. The video shows [caption]",

where the optional caption is generated by Qwen3-VL-2B [258] from the input image.

Video generation uses 50 DDIM sampling steps with classiőer-free guidance scale 7.5,

and the conditioning strength (controlnet scale) is set to 0.4 to balance geometric ődelity

and visual quality. The input image 𝐼0 is injected as the őrst frame to ensure appearance

consistency.

Implementation and Computational Cost. All experiments are conducted on a system

with one NVIDIA H100 (80GB) GPUs. Each pipeline iteration takes approximately

8 minutes: depth estimation and point cloud construction (∼ 1 min), mesh generation

with test-time optimization (∼ 3 min), and video generation (∼ 3 min). The complete

three-iteration pipeline requires approximately 20 minutes per scene (No video generation

for the last iteration). Peak GPU memory usage is approximately 68GB during mesh

generation (for batch processing of 643 patches) and 45GB during video generation. All

models are used off-the-shelf without őne-tuning, demonstrating the training-free nature

of our approach.

§ E.2. More Experiment Results

Evaluation Metrics We employ both human evaluation and GPT-4o-based automatic

evaluation to comprehensively assess 3D scene generation quality across three key

dimensions: geometric quality, layout coherence, and texture consistency. Given a

reference image and observations of two generated scenes (A and B), we ask annotators
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Reference Image Iteration 0 Iteration 1 Iteration 2

Figure E.2.: Qualitative comparisons across different iterations. The image shows the
mesh differences between different iterations. With the iteration increasing,
EvoScene can progressively improve the geometry and appearance quality,
especially for unseen regions within the reference images.

(or GPT-4o) to answer three questions: (i) Which scene has geometry that is more

detailed, precise, and closer to the reference image? (ii) Which scene demonstrates a

spatial layout and arrangement of objects that is more coherent and closely aligned with

the layout in the reference image? (iii) Which scene exhibits textures that are signiőcantly

more coherent and consistent with the reference image? For human evaluation, annotators

select either A or B for each question, and we compute win rate as the percentage of times

our method is preferred. For GPT-4o-based evaluation, we prompt the model to directly

return the answer and extract top-5 token log probabilities, obtaining 𝑃(A) and 𝑃(B) (set

to 0 if not in top-5). When our method is option A, we treat 𝑃(A) as a soft vote; when

our method is option B, we use 𝑃(B). The weighted win rate is computed as 𝑃(win) if

our method wins, and 1 − 𝑃(lose) if it loses, then averaged across all comparisons to

capture both preference frequency and conődence strength.

Extended Baseline Comparisons Figure E.1 presents additional qualitative compar-

isons between EvoScene and three strong baselines (Trellis [6], Hunyuan3D-2.1 [7],
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and TripoSG [8]) across diverse scene categories including urban environments, natural

landscapes, architectural landmarks, and residential areas. As discussed in the main

paper (Section 4.2), EvoScene consistently produces complete geometry with preserved

architectural details and photorealistic textures, while baselines exhibit fragmentation

(TripoSG), ŕattened representations (Hunyuan3D-2.1), or incomplete geometry with

missing regions (Trellis). These additional examples further validate our method’s supe-

rior performance across varying scene complexity and demonstrate robust generalization

to diverse visual content.

Iterative Reőnement Visualization Figure E.2 illustrates the progressive improvement

of geometry and appearance through our three-iteration self-evolving process (iterations 0,

1, 2). The initial iteration 0 reconstruction from only the input image produces reasonable

but incomplete meshes with geometric errors in occluded regions and limited texture

detail. Iteration 1 adds synthesized views from azimuth range [0◦,+45◦], revealing

previously occluded regions and improving background structure accuracy. Iteration 2

synthesizes complementary views from [0◦,−45◦], achieving near-complete coverage

with substantially reőned geometric accuracy and texture consistency across the entire

scene. The progression clearly demonstrates how our iterative geometry-appearance

co-evolution progressively corrects initial errors, expands spatial coverage, and enhances

both structural accuracy and visual realism, with the largest improvements occurring

between iterations 0 and 1 when multi-view observations dramatically expand scene

knowledge.
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