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Abstract

Spatial Artificial Intelligence (Spatial AI) aims to equip intelligent systems, such as robots, au-
tonomous vehicles, and AR/VR devices, with the ability to perceive, map, and reason about the
physical world in a structured and predictive manner. Achieving this requires 3D representations
that are not only geometrically accurate but also scalable, compositional, and generative, enabling
systems to reconstruct environments and synthesise consistent novel views. While classical SLAM
systems and neural scene representations such as NeRF have achieved strong results in localisation
and rendering, they remain limited by per-scene optimisation, limited scalability, and poor cross-scene
generalisation. Meanwhile, recent advances in diffusion and autoregressive generative models have
transformed image and video synthesis, yet extending these approaches to 3D and multi-view gener-

ation introduces new challenges in efficiency, consistency, and structured dependency modelling.

This thesis advances Spatial Al through three contributions addressing these challenges. First, we
introduce vMAP, a vectorised object-level neural mapping framework that represents scenes as sets of
learnable primitives. By combining object-centric decomposition with parallel optimisation, vVMAP
enables scalable and compositional neural mapping. Second, we propose EscherNet, a diffusion-
based generative model for scalable multi-view synthesis. By learning cross-scene priors and decou-
pling generation from explicit 3D coordinates, EscherNet generalises to unseen environments and
supports flexible conditioning on arbitrary input views. Finally, we present CausNVS, an autoregres-
sive multi-view diffusion framework that introduces causal masking to model structured dependencies

between reference and target views, enabling consistent and flexible view synthesis.

Together, these contributions advance Spatial Al toward scalable and generative 3D world modelling,
demonstrating how structured mapping, diffusion-based synthesis, and autoregressive conditioning

can be unified for predictive spatial understanding.
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1.1 Spatial Al

Imagine a robot tasked with cleaning a cluttered room, fetching an object from a table, or navigat-
ing through a busy warehouse. To perform these tasks effectively, it must perceive the geometry of
its surroundings, understand what objects are present, and predict how the world might change as it
moves or acts. Some parts of the scene—such as the shape of a chair or a wall—can be inferred re-
liably from limited observations, while others, like complicated or partially occluded objects, require

repeated inspection and refinement. An intelligent system capable of operating autonomously must
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Figure 1.1: Applications of Spatial AI and overview of the thesis contributions. Spatial Al enables
intelligent systems that perceive, reconstruct, and generate 3D environments, supporting applications
such as augmented and virtual reality (AR/VR), autonomous systems, digital twins, 3D content cre-
ation, and world modelling and simulation. This thesis develops generative and neural mapping
methods for scalable 3D scene understanding and synthesis. Chapter 3 introduces vVMAP, a vectorised
object-level neural mapping framework that decomposes scenes into composable object representa-
tions. Chapter 4 presents EscherNet, a scalable multi-view generative model that synthesises novel
views from arbitrary input views using camera-aware positional encoding (CaPE). Chapter 5 proposes
CausNVS, an autoregressive multi-view diffusion model that generates spatially and temporally con-
sistent views via causal attention and key-value caching.

OnI|ne Next View Synt

therefore build an internal model of the world that integrates prior knowledge with ongoing observa-
tions, updating its understanding as new evidence arrives. This capability, which we might call spatial
intelligence, underpins autonomous navigation, robotic manipulation, augmented and virtual reality

(AR/VR), digital twins, and large-scale world simulation.

Spatial Artificial Intelligence (Spatial Al) aspires to endow intelligent systems with this spatial under-
standing, the ability to perceive, map, and interact with the physical world in a structured, predictive,
and semantically meaningful manner [Dav18]. Unlike traditional computer vision, which focuses on
recognising isolated objects or classifying images, Spatial Al aims to construct persistent models of
the environment that can support localisation, reconstruction, reasoning, and interaction. Such world
models must not only represent what is currently seen but also allow the system to anticipate unseen

parts of the environment and reason about the consequences of potential actions.
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At the heart of Spatial Al lies the problem of representation: how should the world be modelled
to support perception, prediction, and interaction at scale? Dense 3D reconstructions can capture
fine geometric detail, but they are computationally expensive and redundant when applied uniformly
to every region of the scene. Conversely, purely prior-driven models can hallucinate plausible but
inaccurate geometry when observations are sparse or ambiguous. A truly capable Spatial Al system
must therefore adaptively allocate modelling capacity, refining uncertain regions through additional
observations while relying on priors for well-understood structures. In other words, it must learn

when to infer, when to observe, and how to fuse information from both.

Such a system must also reason beyond static geometry. Actions taken by an agent, whether grasping
an object, opening a door, or turning a corner, modify the environment and change its observable
state. Hence, Spatial Al extends naturally toward world modelling: learning representations that are

spatially grounded yet predictive of future outcomes.

This thesis explores how structured and generative representations can together provide the foundation
for such models: representations that are geometrically precise, semantically meaningful, scalable to
large environments, and capable of synthesising new, consistent views of the world. To this end, this
dissertation develops three interconnected systems that push the boundaries of object-level mapping,

view synthesis, and causal reasoning in 3D:

o VMAP (Vectorised Object-level Neural Mapping) tackles the “structured” challenge by in-
troducing an object-centric SLAM system that represents scenes as a dynamic collection of

vectorised, independent neural implicit fields, enabling efficient, editable, and semantic-aware

mapping.

* EscherNet (Scalable 3D Multi-view Generative Synthesis) addresses the “generative and scal-
able” challenge, proposing a novel multi-view diffusion model that can synthesise any number
of geometrically consistent novel views from any known views, enabling rich, prior-driven

scene completion.

* CausNVS (Autoregressive Multi-view Diffusion) unifies mapping and generation into “causal

world modelling” by introducing an autoregressive multi-view diffusion system that uses causal
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memory to generate online sequences of novel views that are consistent in space and time.

Together, these contributions demonstrate that coupling structured 3D representations with generative
modeling provides a scalable and robust foundation for building predictive world models for Spatial

AL

1.2 3D Representations

A central question in Spatial Al is: how should the physical world be represented computationally?
The choice of representation governs how effectively a system can model its surroundings, how ef-
ficiently it can integrate new observations, and how well it can support reasoning, planning, and
synthesis. Progress in Spatial Al has therefore been tightly coupled with the evolution of 3D repre-

sentations.

Classical Representations. Most SLAM systems relied on explicit geometric structures such as
point clouds, voxel grids, and polygonal meshes. Point clouds are efficient and directly obtained from
depth sensors, but lack topological information and semantic structure. Voxel grids encode volu-
metric occupancy but scale cubically with scene size, making dense reconstructions computationally
prohibitive for large or dynamic environments. Meshes explicitly represent surface geometry and
remain central to graphics and reconstruction pipelines, yet they are difficult to update dynamically
and less suited to differentiable learning. While these explicit forms underpin the success of classical
SLAM [DRMSO07, MAMTI15, NIH" 11], they are limited in expressiveness and struggle to integrate

high-level semantics or predictive reasoning.

Neural Implicit Representations. Beyond classical discrete structures, implicit approaches en-
code 3D geometry as continuous functions parameterised by neural networks. Occupancy Net-
works [MON™ 19] learn a classifier over 3D space that predicts whether a point lies inside or outside
an object, while DeepSDF [PFS ™ 19] regresses a signed distance function whose zero-level set defines

the surface. These neural implicit methods produce smooth, compact reconstructions unconstrained
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by topology or discretisation, and are naturally optimised via gradient descent. However, they usually

require ground-truth 3D supervision and focus solely on geometry, limiting their scalability.

Differentiable Rendering and Neural Fields. To reduce reliance on 3D supervision, differentiable
rendering integrates a graphics pipeline into learning, allowing gradients to flow from images back to
scene parameters. Neural Radiance Fields (NeRF) [MST"20a] represent a scene as a function map-
ping 3D coordinates and viewing directions to density and colour, synthesised through volumetric ray
marching. While NeRF achieves photo-realistic novel view synthesis, its training and inference were
initially prohibitively slow. Subsequent works improved efficiency by introducing explicit data struc-
tures such as voxel feature grids (Plenoxels [FKYT"22], DirectVoxGO [SSC22]), multi-resolution
hash encodings (Instant-NGP [MESK?22]), and point-based primitives (Point-NeRF [XXP*22]). More
recently, 3D Gaussian Splatting (3DGS) [KKLD23] has emerged as a faster and more practical alter-
native, replacing per-ray volume integration with rasterisation and alpha-blending of semi-transparent
Gaussian primitives. By exploiting scene sparsity and GPU-friendly operations, 3DGS delivers real-
time, high-quality rendering and flexible scene updates. Together, these advances have expanded
neural fields beyond appearance to surfaces and semantics, and they are now being actively explored

as unified map representations for SLAM.

Object-level and Compositional Representations. To move beyond monolithic scene models, re-
searchers have proposed object-centric and compositional representations. Such methods decompose
scenes into sets of modular primitives, such as objects, surfaces, or Gaussians, each with learnable pa-
rameters and semantics. Object-centric SLAM systems such as SLAM++ [SMNS™ 13] and Quadric-
SLAM [NMS18] demonstrated that representing the world as structured entities improves localisa-
tion and long-term mapping. More recent neural object-centric methods [SWD20, XL.T*19] integrate
learned descriptors and semantic embeddings, bridging geometric mapping with high-level reason-
ing. Such compositionality is essential for scalable and interpretable spatial understanding: it allows
robots to reason about objects as functional entities, to reuse known structures across environments,

and to update only the parts of the world that have changed.
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Towards Generative Representations. Beyond reconstructing geometry, generative models have
enabled the learning of 3D priors across diverse scenes. Instead of building every map from scratch, a
system can infer plausible shapes and appearances from limited observations and refine them as more
evidence becomes available. Models such as Zero-1-to-3 [LWVH 23] generate novel views from
a single image by learning cross-scene priors through diffusion, bypassing explicit 3D reconstruc-
tion. This generative perspective marks a paradigm shift: from deterministic reconstruction toward

probabilistic, data-driven world modelling that scales across scenes and tasks.

This thesis builds on these developments by pursuing both structured and generative representations.
Chapter 3 introduces vMAP, a vectorised neural SLAM framework that models scenes as learnable
object-level primitives, enabling scalable, parallel, and compositional mapping. Chapters 4 and 5
then explore diffusion and autoregressive generative models for scalable, world-consistent multi-view

synthesis, laying the foundation for learned 3D priors that generalise across environments.

1.3 Generative Models

Generative modelling has fundamentally transformed visual understanding. Instead of merely recon-
structing what is observed, generative models aim to capture the underlying distribution of possible
scenes, enabling the synthesis of new, plausible, and coherent samples beyond the current observa-
tion. For Spatial Al, this shift is profound. It moves perception from a purely reactive process to one
that is also predictive and imaginative: an intelligent system should not only recover what it sees but
also infer what it has not yet seen, anticipate how a scene might appear from new viewpoints, and
reason about its structure in unseen configurations. This ability to generate as well as to understand

makes generative models a natural extension of Spatial Al.

From GANs to Diffusion. Early generative methods, such as Generative Adversarial Networks
(GANSs), demonstrated that neural networks could produce strikingly realistic images through adver-
sarial training. However, GANs were inherently unstable, lacked an explicit probabilistic interpreta-

tion, and offered little control over the generation process. Diffusion models [SDWMG15, HJA20,
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SSDK 20, RBLL"22] introduced a conceptually different and statistically grounded approach. By
learning to reverse a progressive noise corruption process, diffusion models achieve stable likelihood-
based training, high visual fidelity, and fine-grained conditioning flexibility. Their probabilistic nature
allows learning expressive data priors that capture the variability and uncertainty inherent in visual
scenes. Latent Diffusion Models (LDMs) [RBL"22] further improved efficiency by performing de-
noising in compact latent spaces, preserving semantic and structural information while greatly re-
ducing computational cost. These characteristics, including stability, expressivity, controllability, and
scalability, make diffusion a foundational tool for extending generative modelling from 2D imagery

to 3D and spatial reasoning.

Generative 3D Reconstruction. Extending generative modelling into three dimensions unlocks
new possibilities for Spatial Al. Traditional 3D reconstruction relies on dense, view-dependent ob-
servations to recover scene geometry. In contrast, generative models can infer plausible shapes and
appearances from sparse inputs by leveraging learned cross-scene priors. This shift reframes mapping
as a process of inference under uncertainty rather than direct geometric optimisation. Models such as
Zero-1-to-3 [LWVH'23] demonstrate that a single image can suffice to generate novel views using
learned diffusion priors, while multi-view diffusion and autoregressive frameworks extend this idea
to collections of viewpoints, capturing spatial dependencies across perspectives. For an embodied
agent, such generative 3D reasoning is essential: it allows the system to hypothesise unobserved ge-
ometry, fill in occlusions, and anticipate scene continuity, all of which are core elements of spatial
understanding that go beyond passive reconstruction. Generative 3D models thus bridge perception
and imagination, offering a scalable foundation for Spatial Al systems capable of operating across

diverse and dynamic environments.

Challenges and Complementary Paradigms. Despite their expressiveness, diffusion-based 3D
models face several key limitations. Their iterative denoising process, though powerful, is computa-
tionally intensive and often applied jointly across all target views or frames to maintain appearance
consistency. This joint denoising strategy breaks the causal dependencies required for temporally or

spatially sequential prediction, which are essential for agents that must reason about how the world
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evolves. To overcome this limitation, autoregressive models provide a complementary approach. By
generating frames or views sequentially, they naturally encode causal structure and enable temporally
coherent rollouts, making them particularly suitable for predictive and interactive settings. How-
ever, purely autoregressive generation tends to accumulate drift over long sequences and struggles
to match the visual fidelity achieved by diffusion. These two paradigms are therefore best viewed
as complementary rather than competing: diffusion offers strong priors and high-quality synthesis,
while autoregression brings causal reasoning and efficient sequential prediction. This thesis explores
how the integration of both, combining diffusion’s generative richness with autoregression’s structural

consistency, can yield scalable, coherent, and flexible multi-view generation.

1.4 Towards World Modelling

The convergence of generative and causal modelling naturally leads to the concept of a world model.
A world model captures not only the static structure of an environment but also its dynamics and
evolution over time. It allows an agent to simulate how its surroundings might change, to anticipate the
outcomes of its actions, and to plan accordingly. In this sense, Spatial Al and generative modelling are
deeply aligned, as both aim to build compact, generalisable, and temporally consistent representations

of reality that support prediction, reasoning, and interaction.

Early World Models. The idea of learning internal models of the world was first explored in re-
inforcement learning, where agents developed compact latent dynamics models to imagine and plan
future trajectories. Notable examples include the World Models framework [HS 18] and the Dreamer
series [HLBN20, HLNB21, HPBL.23], which train generative state-space models capable of predict-
ing future states in latent space. These systems demonstrate that learned dynamics can replace explicit

simulators, linking perception with prediction and enabling planning through imagination.

Large-scale Visual World Models. Recent advances have extended this principle to visual do-

mains. Models such as Genie [BDE 24, PHBB"24] and GameNGen [VLLAF25] train autoregressive
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Transformers to predict future frames from discrete visual tokens, achieving controllable, temporally
coherent scene evolution. The latest generation, Genie 3 [BBB'25], scales this idea to real-time,
interactive video-based environments, supporting agent actions and long-horizon consistency. These
developments mark a significant step from short-term video prediction to embodied visual simulation,

representing progress toward world models that unify perception, generation, and interaction.

Challenges. Building scalable and spatially grounded world models remains an open challenge.
Maintaining geometric and semantic coherence across long temporal horizons requires representa-
tions that are both structured and generative. Further obstacles include efficient long-term memory,
multimodal alignment, and the principled evaluation of predictive quality. This thesis connects to
this emerging research direction by introducing CausNVS (Chapter 5), an autoregressive diffusion
model for multi-view synthesis. By enforcing causal dependencies between reference and target views
and maintaining spatially consistent rollouts, CausNVS embodies the philosophy of world modelling
within the visual domain, using generative models not merely to reconstruct what is observed, but to

imagine and predict what lies beyond.

1.5 Contributions

This thesis advances Spatial Al by unifying structured 3D representations and generative modelling.
It aims to bridge the gap between geometric reconstruction and scalable, world-consistent synthesis.

The key contributions are as follows:

* Vectorised Object Mapping (VMAP). We introduce vMAP, a neural SLAM framework that
represents environments as sets of learnable vectorised primitives. By combining object-level
decomposition with efficient vectorised training, VM AP achieves scalability, compositionality,
and parallel optimisation, bridging the gap between dense neural SLAM and structured object-

centric mapping.

* Scalable Multi-view Diffusion (EscherNet). We propose EscherNet, a diffusion-based gen-

erative model for view synthesis that learns cross-scene priors. Unlike scene-specific neural
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rendering methods, EscherNet decouples synthesis from explicit coordinate systems by intro-
ducing a general relative camera pose encoding (CaPE) formulation to attention, enabling gen-
eralisation to unseen scenes, flexible conditioning on arbitrary numbers of views, and improved

synthesis quality as more references are provided.

* Autoregressive Multi-view Diffusion (CausNVS). We present CausNVS, an autoregressive
multi-view diffusion model that enables streaming view synthesis with arbitrary input-output
configurations. Unlike prior approaches that denoise all target views simultaneously, CausNVS
generates views sequentially with causal masking and per-frame noise, guided by pairwise-
relative camera pose encodings (CaPE) for precise spatial control. At inference, a spatially-
aware sliding window with key-value caching and noise conditioning augmentation maintains
consistent rollouts efficiently. By combining autoregression with diffusion, CausNVS takes a
step towards world models that require interactive streaming prediction with 3D consistency

and efficient spatial memory.

1.6 Publications

The work described in this thesis resulted in the following publications:

* Kong, X., Liu, S., Taher, M., Davison, A. J. (2023). vMAP: Vectorised Object Mapping for
Neural Field SLAM. In Proceedings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition (CVPR). [KLTD23]
Project Page: https://kxhit.github.io/vMAP
* Kong, X., Liu, S., Lyu, X., Taher, M., Qi, X., Davison, A. J. (2024). Eschernet: A Generative

Model for Scalable View Synthesis. In Proceedings of the IEEE/CVF Conference on Computer

Vision and Pattern Recognition (CVPR) [Oral]. [KLL"24]

Project Page: https://kxhit.github.io/EscherNet

* Kong, X., Watson, D., Striimpler, Y., Niemeyer, M., Tombari, F. (2025). CausNVS: Autore-

gressive Multi-view Diffusion for Flexible 3D Novel View Synthesis. ArXiv. [KWS'25]
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Project Page: https://kxhit.github.io/CausNVS.html

1.7 Thesis Structure

The remainder of this thesis is organised as follows:

* Chapter 2 introduces the notions, camera models, 3D neural representations, SLAM, Trans-
formers, diffusion, and autoregressive models. These concepts provide the background for the

methods developed in later chapters.

* Chapter 3 presents vVMAP, a vectorised neural SLAM framework for scalable object-level map-

ping, introducing parallelised optimisation of neural primitives.

* Chapter 4 presents EscherNet, a diffusion-based generative model that learns cross-scene pri-

ors for scalable and generalisable view synthesis with relative Camera Pose Encoding (CaPE).

* Chapter 5 presents CausNVS, which combines autoregressive conditioning with diffusion to

achieve causal, consistent, and flexible multi-view generation.

e Chapter 6 summarises the contributions of this thesis, reflects on limitations, and outlines
future directions in neural representations, generative modelling, and world-consistent Spatial

AL
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2.1 Notation

We summarise the general notations in this thesis, that provide a common reference for 3D geome-
try, camera models, 3D neural representations, and generative models. In later chapters, additional

symbols may be introduced or specialised according to the context of each proposed method.

« 3D point: x € R?, a point in Euclidean space.

« 2D pixel: u € R?, a pixel coordinate in the image plane.

* Scene: S, a collection of 3D points, surfaces, or implicit functions representing geometry and

appearance.

e Image: I, an RGB image defined on a pixel grid u € R

+ Camera parameters: P = (K, T), consisting of intrinsic matrix K € R3*® and extrinsics
T € SE(3), with rotation R € SO(3) and translation t € R?, mapping world to camera

coordinates.

* Neural representation: fy, a neural field parameterised by 6 (e.g., NeRF, DeepSDF, neural

network).

* Latent variable: z, a feature vector in learned representations.

¢ Probability distribution: p(x) or py(x|z), with 6 denoting learnable parameters.
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Figure 2.1: Illustration of the Pinhole Camera Model

2.2 Camera Model

We adopt the standard pinhole camera model. A 3D point X = (X,Y, Z)" € R? in world coordinates

is projected to a 2D pixel coordinate u = (u,v)" € R? in the image plane by:

X
u
Y
slo| =KRIJt] | |, 2.1)
Z
1
1

where s € R is a scale factor, K € R**? is the intrinsic calibration matrix, and [R|t] represents the

extrinsic parameters with rotation R € SO(3) and translation t € R>.

The camera intrinsics are defined as:

J. 0
K= 0 fy Cy | » (22)
0 0 1

where f,, f, are focal lengths and (c,, ¢,) is the principal point.

This model allows us to map between 3D geometry and image observations. It serves as the basis for
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Figure 2.3: Illustration of 3D Gaussian Splatting (3DGS) [KKLD23]

view synthesis, 3D reconstruction, and camera-conditioned generative models, which are central to

the methods proposed in this thesis.

2.3 Advanced 3D Representations

Representing 3D scenes in a compact and learnable form is a central challenge in computer vision
and graphics. Classical scene representations such as meshes, point clouds, and voxel grids provide
explicit geometry but often struggle to capture fine details or view-dependent appearance in a dif-
ferentiable and optimisable manner. Recent advances have introduced both neural and hybrid repre-
sentations that model geometry and appearance continuously, enabling learning-based 3D reasoning.
This section reviews several key advanced 3D representations that underpin the methods developed

in this thesis.

 Deep Signed Distance Functions (DeepSDF) [PFS " 19]: Traditional signed distance functions
(SDFs) represent geometry explicitly on regular grids. DeepSDF extends this concept by learn-

ing a continuous implicit function fp(x) — s parameterised by a neural network, predicting the
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signed distance of a point x to the nearest surface. The zero-level set {x | fy(x) = 0} defines
the surface. DeepSDF provides watertight and topologically consistent reconstructions and has

become a cornerstone for shape modelling, scene reconstruction, and learning geometric priors.

Neural Radiance Fields (NeRF) [MST"20a]: As shown in Fig 2.2, NeRF models a continuous
radiance field using a neural network fy(x,d) — (c,o), which maps a 3D position x and
viewing direction d to a color ¢ and a volume density 0. Images are rendered via volume

rendering:

where 7'(t) denotes transmittance. NeRF introduced a major breakthrough for photorealistic
novel view synthesis, though it typically requires per-scene optimisation and dense sampling,

limiting scalability.

Gaussian Splatting [KKILD23]: Gaussian Splatting represents a scene explicitly as a set of
anisotropic 3D Gaussians {(u;, 3, oy, ¢;) Y|, where y; is the mean, ; the covariance, «; the
opacity, and c; the color or feature vector. As shown in Fig 2.3, these Gaussians are projected
onto the image plane and blended through alpha compositing to produce rendered images. It
combines differentiable rendering with explicit geometry and achieves real-time rendering per-

formance, making it particularly effective for large-scale or interactive visualisation.

Primitive-based Scene Representations: Primitive-based approaches decompose a scene into
structured components such as semantic segments [MBD24], objects [SWD20, XL.T*19], and
constructed hierarchical graphs with nodes [RGA ™20, AHG"19]. Each primitive encodes lo-
cal geometry and appearance attributes, enabling modular scene composition and object-centric
reasoning. Such representations promote scalability and reuse across different spatial or seman-
tic entities. Chapter 3 of this thesis builds on this concept by introducing a vectorised primitive
representation for object-level SLAM, allowing efficient aggregation of geometric and semantic

information.

Learned Generative 3D Representations: Generative approaches learn cross-scene 3D priors

that allow novel view synthesis directly from multi-view images without explicit reconstruc-

tion. Formally, a model go(Iy.n, Pr.n, PYE") = 1.y predicts target views Ip.y; from input
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Figure 2.4: Visual SLAM History [Ros22]. Timeline of major visual SLAM systems, showing the
transition from feature-based methods to dense mapping, semantic and object-level SLAM, neural

implicit fields, and recent systems integrating learned priors.

images I;.y and their poses P;.ny. These representations integrate implicit 3D reasoning within
generative architectures, enabling generalisation across diverse scenes and training datasets.
Chapter 4 presents EscherNet, which exemplifies this paradigm by learning a transferable 3D
prior for scalable and generalisable multi-view synthesis. Chapter 5 further extends this direc-
tion with an autoregressive diffusion model for sequential view generation, where the attention
KV cache functions as an implicit scene representation by accumulating rich spatial context

across previously generated views.

2.4 Visual SLAM

Simultaneous localisation and mapping (SLAM) is a cornerstone of robotics and computer vision that

continues to evolve over more than two decades. Its development reflects a continual pursuit of richer

scene representations, scalability, and long-term consistency. Figure 2.4 illustrates this trajectory,

from early sparse feature-based pipelines to recent semantic, object-level, and neural approaches.
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Feature-based SLAM. Early visual SLAM systems primarily rely on sparse feature-based pipelines
that combine geometric estimation and probabilistic filtering. The pioneering MonoSLAM [DRMS07]
demonstrates the feasibility of real-time monocular SLAM by coupling feature tracking with an Ex-
tended Kalman Filter (EKF) for joint camera pose and map estimation. PTAM [KMO09] further de-
couples tracking and mapping into parallel threads, improving robustness and scalability, particularly
for augmented reality. Later, ORB-SLAM [MAMT15] and its successors ORB-SLAM?2 [MAT17]
and ORB-SLAM3 [CER"21] establish the modern standard for keypoint-based systems, integrating
feature extraction, loop closure, and global optimisation in a unified framework. In parallel, direct
methods such as LSD-SLAM [ESC14] and DSO [EKC17] replace discrete keypoints with pixel inten-
sity alignment, achieving dense photometric tracking and better reconstruction in texture-rich regions.
Together, these works define the algorithmic and system foundations of visual SLAM, balancing ac-
curacy, robustness, and efficiency. However, their resulting maps are typically sparse or semi-dense,

offering limited geometric or semantic detail for higher-level understanding.

Dense RGB-D SLAM. The advent of commodity RGB-D sensors, such as the Microsoft Kinect,
sparks a transition toward dense geometric reconstruction. KinectFusion [NIH " 11] introduces volu-
metric fusion based on truncated signed distance functions (TSDFs), with GPU acceleration enabling
real-time dense mapping of small indoor scenes. DTAM [NLD11] demonstrates dense photomet-
ric tracking using variational optimisation on per-pixel depth maps, removing dependence on sparse
keypoints. Subsequent systems push this further toward scalability and global consistency. Elastic-
Fusion [WLSM ™ 15] introduces a surfel-based representation with non-rigid loop closure, enabling
consistent global reconstruction without explicit pose graphs, while BundleFusion [DNZ"17] com-
bines real-time surface fusion with global pose graph optimisation to maintain map consistency over
long trajectories. These dense RGB-D systems mark a major leap in visual SLAM—from sparse or
semi-dense maps to truly dense, metrically accurate 3D reconstructions—but remain constrained by
cubic memory growth and the computational cost of large-scale optimisation, while the limited use

of priors often results in missing surfaces or holes in unobserved regions.
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SLAM with Advanced 3D Representations. With the rise of learning-based 3D representations,
SLAM begins to incorporate differentiable and continuous mapping functions. Neural implicit field
methods such as iMAP [SLOD21], NICE-SLAM [ZPL"22], and Co-SLAM [WWA23] jointly op-
timise camera poses and neural scene representations online, producing continuous, photo-realistic
reconstructions. More recently, 3DGS-SLAM [MMKD24, YQX 24, KKJ*24] leverages Gaussian
primitives [KKL.D23] for efficient, real-time dense mapping. These systems highlight the expres-
sive power of differentiable 3D representations but remain limited by heavy per-scene optimisation
and high memory demands, motivating subsequent work toward more compositional object-aware

formulations and the integration of cross-scene priors.

Semantic and Object-level SLAM. To incorporate semantic structure and compositionality, SLAM
systems evolve toward object-centric mapping. SemanticFusion [MHDL17] integrates CNN-based
semantic segmentation with dense TSDF maps, while Co-Fusion [RA17a], MaskFusion [RBA 18],
and MID-Fusion [XLT"19] extend this idea to instance-level multi-object reconstructions with dy-
namic tracking. With richer semantics obtained by vision models, Feature Realistic Mapping [MSD23]
fuses 2D image features into a 3D implicit map of high-dimensional embeddings, enabling seman-
tic querying beyond one-hot class labels. Parallel efforts explore parametric object representations:
SLAM++ [SMNS™ 13] pioneers the reuse of known CAD models for semantic mapping, while Quadric-
SLAM [NMS 18] and CubeSLAM [YS19] model objects as quadrics or cuboids to balance compact-
ness and interpretability. Fusion++ [MCB™" 18] combines instance segmentation with volumetric fu-
sion, and NodeSLAM [SWD20] integrates category-level priors by initialising each detected object
with learned VAE latents and further optimising with the current observations. These advances push
SLAM toward long-term, semantically meaningful, and compositional map representations. Within
this trajectory, vMAP (Chapter 3) extends object-level SLAM by introducing vectorised neural prim-

itives and efficient parallel training, bridging dense neural SLAM and object-centric mapping.

Integrating Large-scale Pre-trained Priors. A very recent trend is to augment SLAM with large-
scale learned priors [WLC"24]. MASt3R-SLAM [MDD25] builds on the MASt3R [LCR24] two-

view reconstruction prior, embedding learned pointmap predictions directly into a real-time monoc-
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Figure 2.5: Towards Transformer based SLAM [YCL"25]. A SLAM-former type system unifies
pose estimation and dense mapping within a single transformer-based model with key-value cache as
spatial memory, and integrates pre-trained geometric priors seamlessly.

ular dense SLAM pipeline. By leveraging this geometric prior, MASt3R-SLAM achieves efficient
tracking and dense mapping without fixed camera intrinsics, and supports robust loop closure and
global optimisation. Similarly, systems such as SLAM3R [LDW 25] and VGGT-SLAM [MLC25]
integrate pre-trained Dust3R [WLC"24] and VGGT [WCK " 25] geometric priors to build dense point-
based SLAM. In the meanwhile, Cut3R [WZH"25] and Spann3R [WA24] are recent transformer-
based online 3D reconstruction models that leverage stateful or spatial memory to incrementally inte-
grate information from image streams, enabling temporally consistent and dense scene reconstruction
without explicit alignment. These approaches exemplify a paradigm shift: rather than relying purely
on online optimisation and explicit feature matching, SLAM increasingly couples with powerful feed-
forward priors. Looking forward, tighter integration with generative models and transformer archi-
tectures is anticipated. As illustrated in Fig. 2.5, a SLAM-former [YCL"25] paradigm, equipped with
spatial attention and key-value memory, unifies mapping and localisation within a single feed-forward

transformer.

Summary. The evolution of SLAM reflects a continuous expansion—from sparse geometric maps
to dense volumetric reconstructions, to differentiable neural fields, to structured and object-level rep-

resentations, and now toward systems enriched with large-scale priors and generative reasoning. Each
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Figure 2.6: The Transformer Architecture [VSP'17]. The encoder (left) uses stacked multi-head
attention and feed-forward layers. The decoder (right) includes masked self-attention for autoregres-
sive generation and cross-attention to the encoder outputs.

stage is driven by the same underlying goals: richer and more expressive scene representations, im-
proved scalability, and stronger long-horizon consistency. This thesis builds upon this trajectory:
vMAP addresses scalability at the object level, while subsequent chapters explore diffusion- and

autoregression-based generative models as steps toward world-consistent Spatial Al

2.5 Transformers and Attention

Transformers [VSP*17] have become the dominant architecture for sequence modelling and gen-
erative tasks. Their power comes from the attention mechanism, which allows information to be
aggregated from all elements in a sequence, capturing long-range dependencies more effectively than

recurrent or convolutional models.
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Figure 2.7: Illustration of Attention [VSP"17]. Scaled dot-product attention (left) and multi-head
attention (right). Multiple heads project the input into different subspaces and jointly capture diverse
relations.

Transformer Architecture Transformers [VSP'17] have become the dominant architecture for se-
quence modelling and generative tasks. Their power comes from the attention mechanism, which
allows information to be aggregated from all elements in a sequence, capturing long-range depen-
dencies more effectively than recurrent or convolutional models. Unlike fixed receptive fields in
convolutional networks or sequential information propagation in recurrent models, attention enables
each token to dynamically attend to the most relevant parts of the input. This adaptive global in-
teraction allows Transformers to model complex dependencies while maintaining efficient parallel

computation.

Attention Mechanism Given an input sequence X € R™*?, attention computes pairwise interac-

tions by projecting X into queries, keys, and values:
Q=XWy, K=XWg, V=XWy,

where Wg, Wg, Wy € R¥ % are learnable matrices. The scaled dot-product attention (Figure 2.7) is
defined as:

. QK'
Attention(Q, K, V) = softmax| —— | V.
Vdp
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Here, the similarity QK " measures relevance between elements, softmax normalises the weights, and

the output is a weighted combination of values.

Multi-Head Attention Rather than relying on a single attention distribution, the Transformer em-

ploys multiple heads in parallel:
MultiHead (X) = Concat(heady, ..., heady )Wy,

where each head; = Attention(Q;, K;, V;) uses its own projections. This enables the model to

jointly attend to information at different positions and represent multiple types of dependencies.

Attention is a key building block in our methods. In Chapter 4, attention enables the interaction
between reference and target views in a multi-view diffusion model. In Chapter 5, masked atten-
tion implements autoregressive conditioning, allowing flexible generation of novel views with causal

dependencies across multiple inputs.

2.6 Diffusion Models

Diffusion models [SDWMG15, HIA20, SSDK20] learn a data distribution by reversing a gradual
noising process. A clean sample is progressively perturbed toward a simple noise prior, and a neural
network is trained to invert this process step by step. We first introduce the discrete-time denoising
diffusion probabilistic model (DDPM) [HJA20] and continuous-time stochastic differential equation
(SDE) [SSDK"20] formulations, then summarise practical training and conditioning choices, and

finally highlight key advances most relevant to this thesis.

2.6.1 Discrete Formulation (DDPM)

Forward (diffusion) process. Starting from Xy ~ pga, define a T-step Markov chain:

Q(Xt |Xt71) :N(Xt; V 1_tht717ﬁt]:>7 tzlv"'aTa
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Figure 2.8: Diffusion DDPM Formulation. The forward chain ¢(x; | x;_1) gradually adds noise,
and the reverse chain py(x;_; | X;) learns to denoise step by step.

with a variance schedule {;}_ ;. This yields the closed form:

q(x¢ | x0) = N<Xt; Vv xo, (1 — dt>1>7 ap=1—0, oy = Hizl Q.

Ast — T, xp approaches a Gaussian prior.

Reverse (denoising) process and training. A neural network predicts the noise at each step, €5 (x;, t),

from which the reverse transition is parameterised as

Po(x—1 | X¢) =N<XH; po(xe, t), Ee(xt,t))

The common training objective is the simplified denoising score matching loss:

Esimple — Exo,t,ENN(O,I) HE - 69(\/0_5_15}{0 + v - Oy €, t) H;

Representative parameterisations predict the noise (e-prediction), the clean signal (xy-prediction), or
a velocity-like target (v-prediction). Different choices trade off stability, sharpness, and guidance

behaviour.

Sampling variants. Beyond DDPM sampling, non-Markovian samplers such as DDIM [SME21]
perform deterministic or semi-deterministic updates that reduce the number of steps with limited

degradation. Figure 2.8 summarises the discrete forward and reverse processes.
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Figure 2.9: Diffusion SDE Formulation. The forward SDE maps data to noise, and the reverse SDE
reconstructs samples guided by the learned score function.

2.6.2 Continuous Formulation (SDE)

Forward and reverse SDEs. In continuous time, diffusion can be written as an stochastic differen-
tial equation (SDE):
dx = f(x,t)dt + g(t) dw

which transports data to a tractable noise distribution over ¢ € [0,7]. Sampling is performed by

integrating the reverse-time SDE:

dx = [f(X’ t)— g(t)zvx Ingt(X)] dt + g(t) dw,

where V log p;(x) is the time-dependent score. In practice this score is learned by a neural network
trained with score matching. Popular families include VE/VP SDEs [KAAL22] and probability-
flow ODEs [SSDK"20] that share the same marginals as the reverse SDE but allow deterministic

integration.

2.6.3 Conditioning and Guidance in Practice

Conditional diffusion. For conditional generation, one models py(x, | ¢) where the condition c can
be text, class labels, images, or camera poses. In U-Net backbones [RFB15], conditioning is injected

via cross-attention, FiLM-style feature modulation [PSDV ' 18], or time-dependent embeddings that
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interact with intermediate feature maps.

Classifier-free guidance. A widely used technique interpolates between conditional and uncondi-

tional predictions [HS22] is:

€ = €g(xy,C,t) + S(Ee(Xt, c,t) — ep(xy, @,t)),

with scale s > 0 controlling adherence to the condition versus sample diversity. This simple trick

improves faithfulness with minimal architectural changes.

2.6.4 Recent Formulations

Recent works reinterpret diffusion through the lens of probability flows and consistency, aiming to

improve training or sampling efficiency while preserving sample quality:

* Flow Matching (FM) [LCBH"23]: learns a vector field that transports a simple prior to data
via a continuous-time ODE. Unlike SDE-based diffusion models, FM directly fits the determin-
istic probability flow while allowing flexible probability paths between data and noise during

training.

* Rectified Flow (RF) [LGL23]: proposes simplified flows and training objectives that often

accelerate convergence and reduce sampling steps.

* Consistency Models (CM) [SDCS23]: enforce step-to-step consistency to permit one- or few-

step generation, trading some optimality for speed.

These formulations broaden diffusion to a family of flow-based generative methods. In practice, most
large-scale vision and 3D systems relevant to this thesis still adopt latent diffusion backbones with

the practical conditioning recipe above.
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Figure 2.10: Latent Diffusion Model [RBL."22]. Instead of operating in pixel space, image diffusion
is performed in a compressed latent space, with conditioning (e.g., text, semantic maps, images)
injected via cross-attention, which substantially reduces computational requirements.

2.6.5 Key Advanced Applications

Latent Diffusion Models. Operating diffusion directly in pixel space is costly. Latent Diffusion
Models [RBL"22] compress images with an autoencoder [KW 14] (€, D) and run diffusion over z =
E(x):

Zp — Zp_1 —> - — Zo, )NCZD(Zo)

This drastically reduces memory and compute while preserving fidelity, and supports rich condition-
ing via cross-attention inside the denoising U-Net [RFB15]. Figure 2.10 depicts the overall frame-

work.

Video Diffusion Models. Extending diffusion to video requires maintaining temporal coherence in
addition to spatial quality. Early extensions such as Video Diffusion Models (VDM) [HSG"22] ap-
plied diffusion directly to 3D (spatio-temporal) U-Nets but often suffered from motion inconsistency
and temporal flicker. Stable Video Diffusion (SVD) [BDK 23] improved scalability and smooth-
ness by performing latent-space diffusion with temporal attention layers, effectively coupling motion
across frames. Complementary to these architectural advances, Align Your Latents (AYL) [BRL 23]
fine-tunes latent diffusion with temporal alignment, ensuring that noise trajectories remain consis-

tent across frames. This transforms per-frame denoising into a structured spatio-temporal process
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Figure 2.11: Align Your Latents Video Diffusion Model [BRL."23]. By jointly denoising multiple
target frames, the model enforces consistency across frame-wise latent diffusion, thereby enabling
temporally coherent video synthesis.

(Fig. 2.11), substantially reducing flicker and motion drift while preserving local details.

Novel View Synthesis Diffusion Models. Diffusion has been adapted to generate novel views con-
ditioned on input images and target camera poses. As shown in Fig. 2.12, Zero-1-to-3 [LWVH 23]

trains a latent diffusion model to sample:

Po (Itarget | Iref» Preﬁ Ptarget)a

bypassing explicit 3D reconstruction by directly learning the conditional view distribution. Be-
yond single-view conditioning, several works extend diffusion to multi-view consistency. Sync-
Dreamer [LLZ"24], MVDream [SWY "24] and CAT3D [GHH "24] jointly denoise multiple views
to enforce geometric coherence, while MV-Diffusion [SWY "24] achieves globally consistent multi-

view synthesis by sampling from a shared 3D latent representation.

Diffusion provides the generative backbone for the methods developed in this thesis. Chapter 4 adopts
latent diffusion with multi-view conditioning to enable scalable view synthesis across scenes, and
Chapter 5 combines diffusion with masked attention for autoregressive multi-view generation under

flexible camera poses.
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Figure 2.12: Zero-1-to-3 View Synthesis Diffusion Model [LWVH"23]. Novel view synthesis
diffusion model conditioned on a single view and the relative pose.

2.7 Autoregressive Models

Autoregressive (AR) models constitute one of the most successful paradigms in generative modelling.
They are particularly well suited for problems where outputs are generated sequentially with causal
dependencies, which is relevant for the view-by-view generation setting studied later in this thesis.
They decompose a joint distribution into a product of conditional probabilities, illustrated in Fig. 2.13,

allowing exact likelihood evaluation and effective modelling of sequential dependencies:
play,xa, .. x) = [ [ plai | 2<),

i=1

where x_; denotes all previous elements. This factorisation underpins many breakthroughs across

natural language, vision, video, and 3D domains.

2.7.1 Attention Mask

AR models are typically implemented with recurrent networks or Transformers. The key mechanism

in modern architectures is masked self-attention, which ensures that each position can only attend to
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Figure 2.13: Autoregressive Sequence Modeling [XI.H"25]. The joint distribution is factorised into
conditionals, where each token z; is generated conditioned on all its predecessors x ;.
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Figure 2.14: Different Attention Mask Patterns [RSR"20]. A schematic of full attention, causal
masking, and prefix masking. A causal mask used in the transformer prevents access to future tokens,
ensuring that each output is conditioned only on the past.

past tokens. The attention operation with a causal mask M is

T

K
Attention(Q, K, V) = softmax ( Q

M)V,
Vi

where M assigns —oo to positions corresponding to future tokens. This masking enforces autoregres-
sion while preserving parallel computation during training. Figure 2.14 illustrates the causal masking

mechanism.

Recent developments further extend AR attention with mechanisms that address the quadratic com-
plexity of full attention. Sparse attention restricts each token to attend only to a subset of posi-
tions, such as local windows and periodic strides, as in the Sparse Transformer [CGRS19], Long-
former [BPC20], and BigBird [ZGD " 20]. Linear attention replaces the softmax kernel with feature

maps that yield attention computation linear in sequence length, with examples including the Per-
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Figure 2.15: Three Types of Visual Autoregressive Models [ XI.H"25]. Next-Pixel Prediction flat-
tens the image into a pixel sequence. Next-Token Prediction converts the image into a token sequence
via a visual tokenizer. Next-Scale Prediction employs a multi-scale tokenizer to generate a multi-scale
sequence.

former [CLD"21]. Retrieval-augmented attention augments the context with an external memory
of relevant past tokens or documents, as in REALM [GLT"20] and Retro [BMH"22]. These innova-

tions have enabled Transformers to scale from thousands to millions of tokens, and have been crucial

for the emergence of large-scale autoregressive models in both language and multimodal domains.

2.7.2 Key Advanced Applications

Language The earliest successes of AR were in natural language processing. N-gram models al-
ready followed the AR principle [BDPD"92], but suffered from sparsity and limited context. Neural
AR models based on RNNs [MKB " 10] and LSTMs [HS97] alleviated some of these issues but were
difficult to train and scale. The introduction of the Transformer [VSP " 17] marked a breakthrough:

its masked attention mechanism enabled scalable AR modelling across long sequences. The GPT se-
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ries [RNS' 18, BMR "20a] scaled this architecture to unprecedented levels, leading to large language
models (LLMs) that exhibit emergent reasoning and generative abilities. This success established AR

Transformers as the backbone of modern language generation.

Image The success of AR in text inspired analogous approaches in vision. Three types of visual
autoregressive frameworks have been explored so far as illustrated in Fig 2.15. Early works such
as PixeIRNN [VDOKK 6] and PixelCNN [VAOKE™ 16] adopted a next-pixel prediction paradigm,
where an image is flattened into a sequence of pixels and each pixel is generated conditional on the
previous ones. This allowed exact likelihood training and strong density estimation, but the sequential

nature of pixel-level generation made sampling prohibitively slow for high-resolution images.

Subsequent research shifted to a next-foken prediction paradigm. Instead of raw pixels, images are to-
kenised into discrete visual tokens using vector quantisation or learned tokenisers. ImageGPT demon-
strated that GPT-style AR Transformers over such tokens could generate coherent and diverse images,
showing that AR models could rival GANs and diffusion in image quality [CRC20]. This formula-

tion significantly reduced sequence length compared to pixels, improving training efficiency.

More recently, next-scale prediction has been explored, where multi-scale tokenisers break an image
into hierarchies of patches or tokens, and the model autoregressively predicts across scales [TJY " 24].
This design balances fidelity and efficiency: coarse tokens capture global structure, while finer to-
kens refine local details. Multi-scale AR methods have achieved state-of-the-art trade-offs between

likelihood, quality, and speed.

Video Extending AR to video requires modelling both spatial quality and temporal coherence. Early
works such as VideoGPT [YZAS21] extended autoregressive Transformers to spatio-temporal to-
kens, demonstrating coherent video generation from quantised VQ-VAE representations. Building
on this, MAGVIT [YCS'23] and its successor MAGVIT-v2 [YLG"24] introduced masked token
prediction for more efficient video AR. Other approaches adapt MaskGIT-style parallel decoding
to video [CZJ"22], reducing sequential bottlenecks while retaining temporal consistency. Despite

progress, challenges remain in scaling AR to long video horizons, where causal dependency mod-
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Figure 2.16: Teacher Forcing, Diffusion Forcing, and Self-Forcing [HLH25]. Three ways of
training autoregressive models: (a) Teacher forcing conditions on ground-truth past tokens, but suf-
fers from exposure bias. (b) Diffusion forcing conditions on noisy versions of ground-truth tokens,
blending AR with diffusion-style denoising. (c) Self-forcing conditions on the model’s own predic-
tions, achieving consistency between training and inference.

elling is beneficial but computationally demanding.

2.7.3 Comparing Autoregressive and Diffusion Models

AR and diffusion are the two dominant paradigms in modern generative Al. They have complemen-

tary strengths and limitations:

* Autoregression: provides tractable likelihoods, straightforward training via maximum likeli-
hood, and strong causal dependency modelling. However, sampling is inherently sequential and

thus slow, especially for high-dimensional data.

 Diffusion: generates in parallel across dimensions per step, supports flexible conditioning,
and achieves state-of-the-art fidelity. However, diffusion models lack tractable likelihoods and

require many denoising steps at inference.

Hybrid approaches are emerging to combine the strengths of AR and diffusion. MaskGIT [CZ]"22]
introduces parallel masked AR prediction, while other lines of work explicitly bridge the two paradigms.
Diffusion Forcing [CMMD " 24] reformulates AR decoding as iterative refinement, where predictions

are gradually denoised in a diffusion-like manner. More recently, Self-Forcing [HLH"25] augments
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Figure 2.17: Conceptual Role of World Models [ Yan22]: world models integrate perception, mem-
ory, and action by both understanding the environment and simulating future dynamics, providing a
generative backbone for prediction and planning.

AR training with self-refinement: instead of relying solely on teacher-forced ground-truth sequences,
the model learns to generate from its own predictions, reducing exposure bias and improving long-
horizon consistency. Figure 2.16 illustrates the conceptual differences between teacher forcing, dif-

fusion forcing, and self-forcing.

2.7.4 Towards World Models

Autoregressive Transformers have recently been explored as world models, where the generative
model is treated as a simulator of environment dynamics: given a stream of multimodal observa-
tions (e.g., images, actions, language), the model autoregressively predicts future states, as illustrated
in Fig. 2.17. This extends AR beyond static generation, enabling the capture of temporal dynamics,

causal dependencies, and latent world structure.

Beyond specific architectures, it is useful to distinguish the overarching goals and approaches of
world models, as summarised in Fig. 2.18. At a high level, world models can either aim to understand
and predict the abstraction of the world (e.g., JEPA) or to generate and simulate the details of the

world (e.g., video world models, simulation platforms, neural 3D/4D). This perspective clarifies the
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Figure 2.18: Goals and Approaches of World Models [Hua25]: World models can either focus
on understanding and predicting abstractions of the world (e.g., LLMs, JEPA) or on generating and
simulating world details (e.g., video world models, simulation platforms, neural 3D/4D).

dual role of world models: reasoning abstractly about latent structure versus producing concrete,

detailed rollouts for interaction and perception.

Early efforts such as World Models [HS18] and Dreamer [HLBN20, HLNB21, HPBL.23] demon-
strated that latent AR dynamics could support reinforcement learning by generating imagined trajec-
tories for planning and control. More recent large-scale visual world models highlight the potential
of AR Transformers for interactive environments. Genie [BDE 24, PHBB " 24] tokenises videos into
discrete representations and trains an AR Transformer to predict future frames, allowing agents to
“imagine” gameplay from visual tokens alone. GameNGen [VLLAF25] builds on this idea by incorpo-
rating structural priors from game-like environments, achieving controllable and physically plausible

rollouts conditioned on actions or rules.

A very recent milestone is Genie 3 [BBB*25], which pushes world models toward interactive, con-
sistent, and realistic virtual environments. Genie 3 supports real-time environment generation (24
fps, 720p) from text prompts, allows agent navigation and interaction, and maintains temporal con-
sistency over several minutes of rollout. These features mark a step change from earlier static or
short-horizon video generators, moving closer to persistent and embodied world modelling. Never-

theless, many architectural details remain undisclosed, including how memory is represented, how



36 Chapter 2. Preliminaries

physical constraints are enforced, and how AR-style decoding interacts with latent rollouts.

Despite rapid progress, world models still face fundamental challenges. Scalability remains difficult,
as long-horizon rollouts accumulate errors and require efficient memory or compression. Consistency
across time and modality is non-trivial, since rollouts must remain physically plausible, visually co-
herent, and semantically stable. Multimodality increases complexity, as models must align images,
actions, and language. Finally, evaluation of world models is still an open question, ranging from
perceptual fidelity to task success. These open issues manifest differently depending on the goals in
Fig. 2.18: models targeting abstraction and prediction (e.g., JEPA) must capture causal structure and
latent dynamics, whereas models focused on generation and simulation of details (e.g., video world

models, neural 3D/4D) must ensure realism, consistency, and controllability in long rollouts.

In this thesis, Chapter 5 connects to this perspective by introducing CausNVS, which integrates autore-
gressive conditioning with diffusion-based generation for multi-view synthesis. By applying causal
masking across views, the model enforces consistent dependencies between reference and target im-

ages, serving as a step towards world-consistent generative modelling in 3D vision.
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Figure 3.1: Overview of vMAP Reconstruction Results. vVMAP automatically builds an object-
level scene model from a real-time RGB-D input stream. Each object is represented by a separate
MLP neural field model, all optimised in parallel via vectorised training. We use no 3D shape priors,
but the MLP representation encourages object reconstruction to be watertight and complete, even
when objects are partially observed or are heavily occluded in the input images. See for instance the
separate reconstructions of the armchairs, sofas and cushions, which were mutually occluding each
other, in this example from Replica.

In this chapter, we present vMAP, an object-level dense SLAM system using neural field represen-
tations. Each object is represented by a small MLP, enabling efficient, watertight object modelling

without the need for 3D priors.

As an RGB-D camera browses a scene with no prior information, vVMAP detects object instances on-
the-fly, and dynamically adds them to its map. Specifically, thanks to the power of vectorised training,
vMAP can optimise as many as 50 individual objects in a single scene, with an extremely efficient
training speed of SHz map update. We experimentally demonstrate significantly improved scene-level
and object-level reconstruction quality compared to prior neural field SLAM systems. Project page:

https://kxhit.github.io/vMAP.

3.1 Introduction

For robotics and other interactive vision applications, an object-level model is arguably semantically
optimal, with scene entities represented in a separated, composable way, but also efficiently focusing

resources on what is important in an environment.

The key question in building an object-level mapping system is what level of prior information is

known about the objects in a scene in order to segment, classify and reconstruct them. If no 3D object
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priors are available, then usually only the directly observed parts of objects can be reconstructed,
leading to holes and missing parts [ZK 13, DNZ" 17]. Prior object information such as CAD models
or category-level shape space models enable full object shape estimation from partial views, but only

for the subset of objects in a scene for which these models are available.

In this chapter, we present a new approach which applies to the case where no 3D priors are avail-
able but still often enables watertight object reconstruction in realistic real-time scene scanning. Our
system, VMAP, builds on the attractive properties shown by neural fields as a real-time scene rep-
resentation [SLOD21], with efficient and complete representation of shape, but now reconstructs a
separate tiny MLP model of each object. The key technical contribution of our work is to show that
a large number of separate MLP object models can be simultaneously and efficiently optimised on a

single GPU during live operation via vectorised training.

We show that we can achieve much more accurate and complete scene reconstruction by separately
modelling objects, compared with using a similar number of weights in a single neural field model of
the whole scene. Our real-time system is highly efficient in terms of both computation and memory,
and we show that scenes with up to 50 objects can be mapped with 40KB per object of learned

parameters across the multiple, independent object networks.

We also demonstrate the flexibility of our disentangled object representation to enable recomposition
of scenes with new object configurations. Extensive experiments have been conducted on both sim-
ulated and real-world datasets, showing state-of-the-art scene-level and object-level reconstruction

performance.

3.2 Related Work

This work follows in long series of efforts to build real-time scene representations which are decom-
posed into explicit rigid objects, with the promise of flexible and efficient scene representation and
even the possibility to represent changing scenes. Different systems assumed varying types of rep-

resentation and levels of prior knowledge, from CAD models [SMNS™13], via category-level shape
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models [SWD20, LLY 722, WRA21, KYZ"20] to no prior shape knowledge, although in this case

only the visible parts of objects could be reconstructed [RA17b, MCB* 18, XL.T" 19].

Neural Field SLAM Neural fields have recently been widely used as efficient, accurate and flexible
representations of whole scenes [MST20b, MESK22, MON* 19, PES " 19]. To adopt these represen-
tations into real-time SLAM systems, iMAP [SLOD21] demonstrated for the first time that a simple
MLP network, incrementally trained with the aid of depth measurements from RGB-D sensors, can
represent room-scaled 3D scenes in real-time. Some of iMAP’s most interesting properties were its
tendency to produce watertight reconstructions, even often plausibly completing the unobserved back
of objects. These coherence properties of neural fields were particularly revealed when semantic out-
put channels were added, as in SemanticNeRF [ZBL.D19] and iLabel [ZSM"22], and were found to
inherit the coherence. To make implicit representation more scalable and efficient, a group of implicit
SLAM systems [ZPL 722, WBA22, YLLZ"22, ZPBS23, RLC23] fused neural fields with conventional

volumetric representations.

Object Representations with Neural Fields However, obtaining individual object representations
from these neural field methods is difficult, as the correspondences between network parameters and
specific scene regions are complicated and difficult to determine. To tackle this, DeRF [RJY "21]
decomposed a scene spatially and dedicated smaller networks to each decomposed part. Similarly,
KiloNeRF [RPLG21] divided a scene into thousands of volumetric parts, each represented by a tiny
MLP, and trained them in parallel with custom CUDA kernels to speed up NeRF. Different from

KiloNeRF, vMAP decomposes the scene into objects which are semantically meaningful.

To represent multiple objects, ObjectNeRF [YZX21] and ObjSDF [WLC22] took pre-computed
instance masks as additional input and conditioned object representation on learnable object activation
code. But these methods are still trained offline and tangle object representations with the main scene
network, so that they need to optimise the network weights with all object codes during training, and
infer the whole network to get the shape of a desired object. This contrasts with vMAP which models
objects individually, and is able to stop and resume training for any objects without any inter-object

interference.
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The recent work most similar to ours has used the attractive properties of neural field MLPs to rep-
resent single objects. The analysis in [DNJ21] explicitly evaluated the use of over-fit neural implicit
networks as a 3D shape representation for graphics, considering that they should be taken seriously.
The work in [ACDS22] furthered this analysis, showing how object representation was affected by
different observation conditions, though using the hybrid Instant NGP rather than a single MLP rep-
resentation, so it is not clear whether some object coherence properties would be lost. Finally, the
CodeNeRF system[JA21] trained a NeRF conditioned on learnable object codes, again proving the

attractive properties of neural fields to represent single objects.

We build on this work in this chapter, but for the first time show that many individual neural field
models making up a whole scene can be simultaneously trained within a real-time system, resulting

in accurate and efficient representation of many-object scenes.

3.3 vMAP: Object Mapping System with Vectorised Training

3.3.1 System Overview

We first introduce our detailed design for object-level mapping with efficient vectorised training (Sec-
tion 3.3.2), and then explain our improved training strategies of pixel sampling and surface rendering
(Section 3.3.3). Finally, we show how we may recompose and render a new scene with these learned

object models (Section 3.3.4). An overview of our training and rendering pipeline is shown in Fig. 3.2.

3.3.2 Vectorised Object Level Mapping

Object Initialisation and Association To start with, each frame is associated with densely labelled
object masks. These object masks are either directly provided in the dataset, or predicted with an
off-the-shelf 2D instance segmentation network. Since those predicted object masks have no tempo-
ral consistency across different frames, we perform object association between the previous and the

current live frame, based on two criteria: 1) Semantic Consistency: the object in the current frame is
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predicted as the same semantic class from the previous frame, and ii) Spatial Consistency: the object
in the current frame is spatially close to the object in the previous frames, measured by the mean
IoU of their 3D object bounds. When these two criteria are satisfied, we assume they are the same
object instance and represent them with the same object model. Otherwise, they are different object

instances and we initialise a new object model and append it to the models stack.

For each object in a frame, we estimate its 3D object bound by its 3D point cloud, parameterised
by its depth map and the camera pose. Camera tracking is externally provided by an off-the-shelf
tracking system, which we found to be more accurate and robust compared to jointly optimising pose
and geometry. If we detect the same object instance in a new frame, we merge its 3D point cloud
from the previous frames to the current frame and re-estimate its 3D object bound. Therefore, these

object bounds are dynamically updated and refined with more observations.

Object Supervision We apply object-level supervision only for pixels inside a 2D object bounding
box, for maximal training efficiency. For those pixels within an object mask, we encourage the object
radiance field to be occupied and supervise them with depth and colour loss. Otherwise we encourage

the object radiance field to be empty.

Each object instance samples training pixels from its own independent keyframe buffer. Therefore,
we have flexibility to stop or resume the training of any object, with no training interference between

objects.

Vectorised Training Representing a neural field with multiple small networks can lead to efficient
training, as shown in prior work [RPLG21]. In vMAP, all object models are of the same design,
except for the background object which we represent with a slightly larger network. Therefore, we
are able to stack these small object models together for vectorised training, leveraging the highly
optimised vectorised operations in PyTorch [HR21]. Since multiple object models are batched and
trained simultaneously as opposed to sequentially, we optimise the use of the available GPU resources.
We show that vectorised training is an essential design element to the system, resulting in significantly

improved training speed, further discussed in Section 3.4.3.
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3.3.3 Neural Implicit Mapping

Depth Guided Sampling Neural fields trained on RGB data only have no guarantee to model accu-
rate object geometry, due to the fact that they are optimising for appearance rather than the geometry.
To obtain more geometrically accurate object models, we benefit from the depth map available from
an RGB-D sensor, providing a strong prior for learning the density field of 3D volumes. Specifically,
we sample N, and N, points along each ray, for which N points are sampled with a Normal distri-
bution centered around the surface ¢, (from the depth map), with a small d,, variance, and /N, points
are uniformly sampled between the camera ¢,, (the near bound) and the surface ¢4, with a stratified
sampling approach. When the depth measurement is invalid, the surface ¢ is then replaced with the

far bound ¢;. Mathematically, we have:

twu(tnﬂ_l(ts—tn),tﬁi(ts—tn)), (3.1

N, N,
ti~ N(ts, d3) - (3.2)

We choose d, = 3e¢m which works well in our implementation. We observe that training more points
near the surface helps to guide the object models to quickly focus on representing accurate object

geometry.

As illustrated in Fig. 3.3 with sampled points coloured by the measured depth, we sampled more
points near the object surface guided by the depth measurements. For rays that go through the 3D ob-
ject bounding box but do not belong to the current instance, we then terminate these rays when they hit

the object surface, to minimise the impact on the occluded objects, similar to ObjectNeRF [YZX " 21].

Surface and Volume Rendering As we are concerned more by 3D surface reconstruction than
2D rendering, we omit the viewing direction from the network input, and model object visibility
with a binary indicator (no transparent objects). With similar motivation to UniSURF [OPG21],
we parameterise the occupancy probability of a 3D point z; as og (x;) — [0, 1], where oy is a con-
tinuous occupancy field. Therefore, the termination probability at point x; along ray r becomes

T; = o(xi) [[;.; (1 — o(z;)), indicating that no occupied samples z; with j < i exist before ;. The
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Figure 3.3: Visualisation of Depth-guided Sampling.

corresponding rendered occupancy, depth and colour are defined as follows:

N N N

O(r)=> T, D(r) = > T, C(r) = > Tic; . (3.3)

i=1 i=1 =1

Training Objective For each object £, we only sample training pixels inside that object’s 2D bound-
ing box, denoted by R*, and only optimise depth and colour for pixels inside its 2D object mask,
denoted by M*. Note that it is always true that M* C R*. The depth, colour and occupancy loss for

the object £ are defined as follows:

Liepn = M* © Y |D(r) = D(r)], (3.4)
reRk
leolour = Mk © Z |é<r) - C(I‘)l, (35)
reRk
ngccupancy = Z |O(I‘) - Mk(r)‘ : (36)
rc Rk

The overall training objective then accumulates losses for all K objects:

K
L= Z Lsepth +Ar- L]cfolour + Az L];ccupcmcy : (3.7)
k=1

We choose loss weightings A\; = 5 and A\ = 10, which we found to work well in our experiments.
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3.3.4 Compositional Scene Rendering

Since VMAP represents objects in a purely disentangled representation space, we can obtain each 3D
object by querying within its estimated 3D object bounds and easily manipulate it. For 2D novel view
synthesis, we use the Ray-Box Intersection algorithm [MCSM 18] to calculate near and far bounds
for each object, and then rank rendered depths along each ray to achieve occlusion-aware scene-level
rendering. This disentangled representation also opens up other types of fine-grained object-level
manipulation, such as changing object shape or textures by conditioning on disentangled pre-trained

feature fields [NG21, YSL"22], which we consider as an interesting future direction.

3.4 Experiments

We have comprehensively evaluated vMAP on a range of different datasets, which include both sim-
ulated and real-world sequences, with and without ground-truth object masks and poses. For all
datasets, we qualitatively compare our system to prior state-of-the-art SLAM frameworks on 2D
and 3D scene-level and object-level rendering. We further quantitatively compare these systems in

datasets where ground-truth meshes are available.

3.4.1 Experimental Setup

Datasets We evaluated on Replica [SWM™19], ScanNet [DCS™17], and TUM RGB-D [EHE " 12].
Each dataset contains sequences with different levels of quality in object masks, depth and pose
measurements. Additionally, we also showed VMAP’s performance in complex real-world with self-
captured video sequences recorded by an Azure Kinect RGB-D camera. An overview of these datasets

is shown in Tab. 3.1.

Datasets with perfect ground-truth information represent the upper-bound performance of our system.
We expect vVMAP’s performance in the real-world setting can be further improved, when coupled with

a better instance segmentation and pose estimation framework.
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Object Masks Depth Quality Pose Estimation
Replica Perfect GT Perfect GT Perfect GT
ScanNet Noisy Noisy Perfect GT
TUM RGB-D Detic Noisy ORB-SLAM3
Our Recording Detic Noisy ORB-SLAM3

Table 3.1: Overview of Evaluated Datasets.

o ss s\*
e R M

S
Metric “‘50 '\S\b '&‘b S‘C $\C o*
Scene Acc. [cm] | 1.28 443 2.15 2.94 3.04 3.20
Scene Comp. [cm] | 5.61 5.56 2.88 4.02 3.84 2.39
Scene Comp. Ratio [<5cm %] T 82.67 79.06  90.85 86.73 86.52 92.99
Object Acc. [cm] | 0.45 - 3.57 - 391 2.23
Object Comp. [em] | 3.69 - 2.38 - 3.27 1.44
Object Comp. Ratio [<5cm %] 1 82.98 - 90.19 - 83.97 94.55
Object Comp. Ratio [<1cm %] T 61.70 - 47.79 - 37.79 69.23

Table 3.2: Reconstruction Results for 8 Indoor Replica Scenes. * indicates methods re-trained
with ground-truth poses.

Implementation Details We conduct all experiments on a desktop PC with a 3.60 GHz 17-11700K
CPU and a single Nvidia RTX 3090 GPU. We choose our instance segmentation detector to be De-
tic [ZGJ"22], pre-trained on an open-vocabulary LVIS dataset [GDG19] which contains more than
1000 object classes. We choose our pose estimation framework to be ORB-SLAM3 [CER 21], for its
fast and accurate tracking performance. We continuously update the keyframe poses using the latest

estimates from ORB-SLAM3.

We applied the same set of hyper-parameters for all datasets. Both our object and background model
use 4-layer MLPs, with each layer having hidden size 32 (object) and 128 (background). For object /
background, we selected keyframes every 25 / 50 frames, 120 / 1200 rays each training step with 10
points per ray. The number of objects in a scene typically varies between 20 and 70, among which the

largest number of objects are in Replica and ScanNet scenes with an average of 50 objects per scene.

Metrics Following the convention of prior work [SLOD21, ZPL"22], we adopt Accuracy, Com-

pletion, and Completion Ratio for 3D scene-level reconstruction metrics. Besides, we note that such
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Figure 3.4: Scene Reconstruction Visualisation for 4 Selected Replica Scenes. Interesting regions
are highlighted with coloured boxes, showing vVMAP’s significantly improved reconstruction quality.
All scene meshes are provided by the original authors.

scene-level metrics are heavily biased towards the reconstruction of large objects like walls and floors.
Therefore, we additionally provide these metrics at the object-level, by averaging metrics for all ob-

jects in each scene.
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TSDF-Fusion ObjSDF vMAP TSDF-Fusion ObjSDF
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Figure 3.5: Visual Comparison at Object-level Reconstruction. Visualisation of object reconstruc-
tions with vMAP compared to TSDF-Fusion and ObjSDF. Note that all object reconstructions from
ObjSDF require much longer off-line training. All object meshes from ObjSDF are provided by the
original authors.

NICE-SLAM*

Figure 3.6: Reconstruction Visualisation on ScanNet Dataset. Visualisation of scene reconstruc-
tion from NICE-SLAM* (left) and vMAP (right) in a selected ScanNet sequence. Interesting regions
are zoomed in. NICE-SLAM* was re-trained with ground-truth poses.

3.4.2 [Evaluation on Scene and Object Reconstruction

Results on Replica We experimented on 8 Replica scenes, using the rendered trajectories provided
in [SLOD21], with 2000 RGB-D frames in each scene. Tab. 3.2 shows the averaged quantitative re-
construction results in these Replica indoor sequences. For scene-level reconstruction, we compared
with TSDF-Fusion [ZK13], iMAP [SLOD21] and NICE-SLAM [ZPL"22]. To isolate reconstruc-
tion, we also provided results for these baselines re-trained with ground-truth pose (marked with ),
with their open-sourced code for the fair comparison. Specifically, iMAP* was implemented as a
special case of vVMAP, when considering the entire scene as one object instance. For object-level

reconstruction, we compared baselines trained with ground-truth pose.

vMAP’s significant advantage thanks to object-level representation is to reconstruct tiny objects and
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QS N v ™ N
S ~ ov ¢ ¢ ¢ ¢ ¢
G/ G/ S/ 'N/O ‘N/O 'N/O \/O \/o
Q) @) o % &, % [ @, &%
$ $ $ & & & & & ¢
Acc. [cm] | 1.46 1.13 1.22 1.13 0.91 1.33 1.56 1.48 1.28
TSDF-Fusion®* Comp. [cm] 3.73 3.51 4.41 10.26 9.57 5.50 3.87 4.04 5.61
Ratio [<5cm %] 86.54 87.12 84.87 78.86 75.85 80.48 83.19 84.41 82.67
Acc. [cm] | 3.58 3.69 4.68 5.87 3.71 4.81 4.27 4.83 443
iMAP Comp. [cm] | 506 487 551 6.11 5.26 5.65 5.45 6.59 5.56
Ratio [<5cm %] 1 83.91 8345 7553 77.71 79.64 77.22 77.34 77.63  79.06
Acc. [cm] | 2.06 1.65 1.92 2.36 1.94 2.61 2.41 2.23 2.15
iMAP* Comp. [cm] | 2.21 1.94 277 4.81 3.19 2.81 2.78 2.56 2.88
Ratio [<5cm %] T 94.93 9487 90.78 86.85 87.79 89.61 90.54 91.46 90.85
Acc. [cm] | 2.69 249 255 3.03 3.31 3.56 3.26 2.63 2.94
NICE-SLAM  Comp. [cm] | 292 233 296 8.34 5.18 3.35 3.37 3.68 4.02
Ratio [<5cm %] 1T 90.77 93.07 87.83 81.99 82.24 85.82 85.44 86.64 86.73
Acc. [cm] | 2.71 228  2.69 2.93 4.23 3.45 3.26 2.74 3.04
NICE-SLAM* Comp. [cm] | 2.84 223 3.02 7.54 4.52 3.31 3.58 3.64 3.84
Ratio [<5cm %] 1 91.00 93.37 87.23 82.70 82.09 85.42 84.28 86.10  86.52
Acc. [cm] | 277  3.87 1.83 4.82 3.51 3.35 3.19 2.26 3.20
vMAP Comp. [cm] | 1.99 1.81 2.00 3.65 2.14 2.45 2.49 2.56 2.39

Ratio [<5cm %] T 97.10 96.59 95.72 87.53  85.08 9470  93.65 9356 92.99

Table 3.3: Scene-level Reconstruction Results on 8 Indoor Replica Scenes. * denotes re-training
with ground-truth pose.

objects with fine-grained details. Noticeably, vVMAP achieved more than 50 — 70% improvement over
iIMAP and NICE-SLAM for object-level completion. The scene reconstructions of 4 selected Replica

sequences are shown in Fig. 3.4, with interesting regions highlighted in coloured boxes.

In Tab. 3.3 and Tab. 3.4, we listed the detailed scene-level and object-level 3D reconstruction results

for each sequence on Replica dataset.

We generated a new / different sequence for each scene in Replica dataset. We performed 2D novel
view synthesis and compared it to the ground-truth views from the generated sequence. We compared
baselines in depth L1 error, PSNR, SSIM, and LPIPS in Tab. 3.5, and the 2D renderings for 3 selected

scenes are shown in Fig. 3.7.

Results on ScanNet To evaluate on a more challenging setting, we experimented on ScanNet, a
dataset composed of real scenes [DCS™17], with much noisier ground-truth depth maps and object
masks. We choose a ScanNet sequence selected by ObjSDF [WLC722], and we compared with

TSDF-Fusion and ObjSDF for object-level reconstruction, and we compared with NICE-SLAM (re-
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) N v ™ W

o ~ v ¢ ¢ ¢ ¢ ¢

&'7\/ S/ Q/ NO x/O NO "NO ~NC)
Q) @) o % &, % [ @, &%
$ $ $ & & & & & ¢
Acc. [em] | 043 045 045 049 043 041 045 052 045
.. Comp. [em] | 3.03 442 416 223 560 332 331 348  3.69
TSDF-Fusion™ o o [<lem %] 1 6227 5944 5357 68.16 5573 6734 6335 6375 6170
Ratio [<5cm %] 1 8434 79.12 7689 8674 8036 8730 8574 8338 8298
Acc. [em] | 348 377 461 408 342 345 396 453 391
. Comp. [em] | 251 282 319 305 329 347 361 423 327
NICE-SLAM™ ¢ tio [<1lem %]+ 41.19 37.06 3303 38.86 4455 4184 3121 3454 3779
Ratio [<5cm %]+ 86.88 8643 83.96 8454 89.08 8377 7940 77.64 83.96
Acc. [em] | 3.02 335 450 384 262 322 358 443 357
VAP Comp. [cm] | 171 193 345 166 258 228 232 314 238
Ratio [<lem %] 1 5257 4356 4506 48.16 4893 5359 5107 3936 47.79
Ratio [<5cm %] 1 93.72 9295 8530 9456 91.09 89.99 8932  84.60 90.19
Acc. [em] | 218 346 201 237 227 175 190 193 223
AMAP Comp. [cm] | 113 154 158 115 177 103 142 194 144
Ratio [<lecm %] 1 7409 6851 6681 67.00 6524 7798 6862 6556 69.23
Ratio [<5cm %] 1T 96.68 95.02 9298 9653 9294 9697 9421 91.03 94.55

Table 3.4: Object-level Reconstruction Results on 8 Indoor Replica Scenes. * denotes re-training
with ground-truth pose.

Q ~ v ™ e
S ~ v ¢ ¢ ¢ ¢ ¢
:S/ é $/ No \/o N/o N/o N/o
o o o % % % % % &
$ $ $ & Y & & & v
Depth L1 [em] | 1.99 1.57 2.72 12.50 7.37 3.03 2.39 2.18 4.22
PSNR 1 24.11 2343 2348 2391 22.69 23.78 23.78 26.00 23.90
NICE-SLAM SSIM 1 0.73 0.74 0.82 0.83 0.82 0.83 0.84 0.85 0.81
LPIPS | 0.11 0.09 0.09 0.15 0.28 0.11 0.10 0.09 0.13
Depth L1 [cm] |  1.87 1.63 2.94 13.43 7.63 2.83 2.62 1.97 4.36
. PSNR 1 24.03 23.61 2354 23.59 23.19 22.22 23.32 26.20 23.71
NICE-SLAM SSIM 1 0.73 0.75 0.82 0.83 0.84 0.85 0.84 0.86 0.82
LPIPS | 0.11 0.09 0.09 0.16 0.26 0.10 0.10 0.09 0.13
Depth L1 [em] | 1.23 2.16 2.53 13.29 5.14 2.31 1.77 1.44 3.73
iMAP* PSNR 1 25.83 25.51 2522 24.17 23.94 24.02 25.45 29.13 2541
SSIM 1 0.77 0.79 0.86 0.83 0.87 0.88 0.89 0.90 0.85
LPIPS | 0.09 0.07 0.07 0.17 0.22 0.08 0.07 0.07 0.11
Depth L1 [em] | 1.68 1.57 2.37 7.73 6.60 2.50 2.30 1.85 3.33
VMAP PSNR 1 2523 2527 2431 23.78 23.59 23.10 23.83 2791 24.63
SSIM 1 0.77 0.78 0.85 0.84 0.88 0.88 0.88 0.89 0.85
LPIPS | 0.09 0.07 0.08 0.16 0.23 0.07 0.08 0.07 0.11

Table 3.5: 2D Novel View Synthesis Rendering Results on Replica Dataset.

trained with ground-truth pose) for scene-level reconstruction. Unlike ObjSDF, which was optimised

from pre-selected posed images without depth for much longer off-line training, we ran both vMAP

and TSDF-Fusion in an online setting with depth. As shown in Fig. 3.5, we see that vVMAP generates
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Figure 3.7: Visualisation of 2D Novel View Synthesis on Replica Dataset. Better when zoomed.

objects with more coherent geometry than TSDF-Fusion; and with much finer details than ObjSDF,
though with a much shorter training time. And consistently, we can see that VM AP generates much

sharper object boundaries and textures compared to NICE-SLAM, as shown in Fig. 3.6.

Results on TUM RGB-D We evaluated on a TUM RGB-D sequence captured in the real-world,
with object masks predicted by an off-the-shelf pre-trained instance segmentation network [ZGJ " 22],
and poses estimated by ORB-SLAM3 [CER"21]. Since our object detector has no spatio-temporal
consistency, we found that the same object can be occasionally detected as two different instances,
which leads to some reconstruction artifacts. For example, the object ‘globe’ shown in Fig. 3.8
was also detected as ‘balloon’ in some frames, resulting the ‘splitting‘ artifacts in the final object
reconstruction. Overall, vMAP still predicts more coherent reconstruction for most objects in a scene,
with realistic hole-filling capabilities compared to TSDF-Fusion. However, we acknowledge that the

completion of complete out-of-view regions (e.g., the back of a chair) is beyond the reach of our
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Figure 3.8: Visualisation of Reconstruction on TUM RGB-D Dataset. Visualisation of scene
reconstruction from TSDF-Fusion (left) and vMAP (right) in a selected TUM RGB-D sequence,
trained in real time for 99 seconds.

ATE RMSE [cm]| iIMAP NICE-SLAM vMAP ORB-SLAM?2

fr1/desk 4.9 2.7 2.6 1.6
fr2/xyz 2.0 1.8 1.6 0.4
fr3/office 5.8 3.0 3.0 1.0

Table 3.6: Camera Tracking Results on TUM RGB-D Dataset.

system due to the lack of general 3D prior.

Though our work focuses more on mapping performance than pose estimation, we also report ATE
RMSE [SEE"12] in Tab. 3.6 following [SLOD21, ZPL "22], by jointly optimising camera pose with
map. We can observe that VMAP achieves superior performance, due to the fact that reconstruction
and tracking quality are typically highly interdependent. However, there is a noticeable performance
gap compared to ORB-SLAM. As such, we directly choose ORB-SLAM as our external tracking

system, which leads to faster training speed, cleaner implementation, and higher tracking quality.

Results on Live Kinect Data Finally, we show the reconstruction result of vMAP on a table-top
scene, from running in real-time with an Azure Kinect RGB-D camera. As shown in Fig. 3.9 and
Fig. 3.10, vMAP is able to reconstruct a range of realistic, watertight object meshes from different

categories in table-top and scene-level settings.
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Figure 3.9: Real-world Live Reconstruction (Table-top). Visualisation of table-top reconstruction
(top) and individual object reconstructions (bottom), from vMAP running in real time using an Azure
Kinect RGB-D camera for 170 seconds.
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Figure 3.10: Real-world Live Reconstruction (Scene-level). Visualisation of vVMAP’s object-level
reconstruction in an indoor scene at Huxley Common Room in Imperial College London.

Object-Level Positional Encoding Since object instances are different in size, the reconstruction

quality can be maximised when trained with a suitable positional encoding frequency. Otherwise, the
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Figure 3.11: Visualisation of Object Reconstructions Trained with Different Scales.

network training would be biased towards reconstructing large objects and overlook small objects or
vice versa. To mitigate this scaling issue, we applied integrated positional encoding [BMV722] and
introduced an additional hyper-parameter, the scaling factor s, which is applied to all objects, such
that they are bounded in a unit box within the range of [—1, 1]. We separately set this scaling factor

slightly larger in the background model.

This scaling factor can be set as object specific if such object-specific prior is known, i.e. we can set
a large s when training the object ‘sofa‘, and a small s when training the object ‘cup’, because a sofa
is typically larger than a cup. A visualisation of the object reconstruction with different choices of s
is shown in Fig. 3.11. We can see a large scale s results a smoother geometry which is more suitable
for reconstructing large objects like ‘walls’ and ‘blankets’, and a small s is more suitable for objects

with complex geometries like ‘chairs’.

Visualisation of Object-level Hole-filling Compared to iMAP and NICE-SLAM, vMAP shows
significantly better hole-filling capability in unobserved regions with visual consistency, thanks to the
disentangled object representation design. As shown in Fig. 3.12, vMAP is able to generate smooth

and natural geometries without requiring any other priors.



56 Chapter 3. vMAP: Vectorised Object-level Neural Mapping

TSDF-Fusion* 1 vMAP

Figure 3.12: Visualisation of Object-level Hole-filling.

3.4.3 Performance Analysis

In this section, we compare different training strategies and architectural design choices for our vMAP
system. For simplicity, all experiments were done on the Replica Room-0 sequence, with our default

training hyper-parameters.

Memory and Runtime We compared memory usage and runtime with iMAP and NICE-SLAM
in Tab. 3.7 and Fig. 3.14, all trained with ground-truth pose, and with the default training hyper-
parameters listed in each method, for fair comparison. Specifically, we reported the Runtime for
training the entire sequence, and Mapping Time for training each single frame, given the exact same
hardware. We can observe that vMAP is highly memory efficient with less than 1M parameters.
We want to highlight that vMAP achieves better reconstruction quality, and runs significantly faster

(~5Hz) than iMAP and NICE-SLAM with 1.5x and 4x training speed improvement respectively.
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NICE-SLAM* iMAP vMAP vMAP (w/o BG)
Model Param. | 12.12M 0.32M 0.66M 0.56M
Runtime | 34min34s 12min29s 8minl6s 6min01s
Mapping Time | 845ms 360ms 226ms 120ms

Table 3.7: Memory and Runtime Efficiency. VMAP is extremely memory-efficient and runs 1.5x
and 4x faster than iMAP and NICE-SLAM respectively, with even higher performance gains without
the background (BG) model.

Step Time (ms) Step Time (ms)

400 200
— Sequential

300 | — Vectorised

— Sequential
150 | — Vectorised

200 | 100 | —
100 | 50
14.7
0 L T T T T T " 0 |
1 40 80 120 160 20 16 32 64 1282565121024
Number of Object Models Number of Hidden Size

Figure 3.13: Vectorised v.s. Sequential Training. Vectorised operation allows extremely fast train-
ing speed compared to standard sequential operations using for loops.

Vectorised v.s. Sequential Training We ablated training speed with vectorised and sequential op-
erations (for loops), conditioned on different numbers of objects and different sizes of object model.
In Fig. 3.13, we can see that vectorised training enables tremendous improvements in optimisation
speed, especially when we have a large number of objects. And with vectorised training, each op-
timisation step takes no more than 15ms even when we train as many as 200 objects. Additionally,
vectorised training is also stable across a wide range of model sizes, suggesting that we can train
our object models with an even larger size if required, with minimal additional training time. As ex-
pected, vectorised training and for loops will eventually have similar training speed, when we reach

the hardware’s memory limit.

To train multiple models in parallel, an initial approach we tried was spawning a process per object.
However, we were only able to spawn a very limited number of processes, due to the per process

CUDA memory overhead, which significantly limited the number of objects.
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Figure 3.14: Object-level Reconstruction Performance vs. Model Size. The model parameter size
is represented via hidden size. VM AP is more compact than iMAP, with performance saturating from
hidden size 16.

Object Model Capacity As vectorised training has minimal effect on training speed in terms of
object model design, we also investigated how the object-level reconstruction quality is affected by
different object model sizes. We experimented with different object model sizes by varying the hidden
size of each MLP layer. In Fig. 3.14, we can see that the object-level performance starts to saturate
starting from hidden size 16, with minimal or no improvement by further increasing model sizes. This
indicates that object-level representation is highly compressible, and can be efficiently and accurately

parameterised by very few parameters.

Stacked MLPs v.s. Shared MLP Apart from representing each object by a single individual MLP,
we also explored a shared MLP design by considering multi-object mapping as a multi-task learning
problem [VGVG'21, Rudl7]. Here, each object is additionally associated with a learnable latent
code, and this latent code is considered as an conditional input to the network, jointly optimised with
the network weights. Though we have tried multiple multi-task learning architectures [MSGH16,
LJD19], early experiments (denoted as vMAP-S in Fig. 3.14) showed that this shared MLP design
achieved slightly degraded reconstruction quality and had no distinct training speed improvement
compared to stacked MLPs, particularly when powered by vectorised training. Furthermore, we
found that shared MLP design can lead to undesired training properties: i) The shared MLP needs to
be optimised along with the latent codes from all the objects, since the network weights and all object

codes are entangled in a shared representation space. ii) The shared MLP capacity is fixed during
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training, and therefore the representation space might not be sufficient with an increasing number
of objects. This accentuates the advantages of disentangled object representation space, which is a

crucial design element of VMAP system.

3.4.4 Real-to-Sim-to-Real for Robot Learning

A common direction in robot learning is to perform reinforcement learning in simulation with ran-
domized environments, and then deploy the trained policy in the real world [HLD " 19]. Our object-
level reconstruction system can facilitate this process by creating digital twins, enabling the real world

to be transferred into simulation for ultra-efficient parallel training.

To validate the reconstruction capability of vVM AP in robotic manipulation tasks, we convert the object
neural field into meshes using marching cubes [LLC98], and assign affordance and physical parame-
ters of both objects and environments in Isaac Gym [MWG™21], as shown in Fig. 3.15. Thanks to
the watertight property of neural fields, the reconstructions can directly support physical simulation.
However, we observe that the initial states of objects are sensitive to the reconstruction accuracy of
the contact surfaces (e.g., the bottom of an object in contact with a table). Without incorporating pri-
ors in reconstruction or environment modeling, even small errors may lead to changes in these initial
states. While this does not significantly affect policy training for interacting with a variety of objects,

it poses challenges for maintaining an identical copy of the real world within a physics engine.

Importantly, this demonstrates a capability beyond both scene-level neural reconstructions without
object decomposition (e.g., iIMAP [SLOD21] and traditional object-level methods using TSDF (e.g,
Fusion++ [MCB™18]), which often leave holes in unobserved regions. By producing watertight,
simulation-ready object reconstructions, VMAP enables a closer alignment between real and simu-

lated environments.
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Figure 3.15: Load vMAP Reconstruction in Issac Gym Robotic Simulation.

3.5 Conclusion

We have presented vMAP, a real-time object-level mapping system with simple and compact neural
implicit representation. By decomposing the 3D scene into meaningful instances, represented by
a batch of tiny separate MLPs, the system models the 3D scene in an efficient and flexible way,
enabling scene re-composition, independent tracking and continually updating of objects of interest.
In addition to more accurate and compact object-centric 3D reconstruction, our system is able to

predict plausible watertight surfaces for each object, even under partial occlusion.

Limitations and Future Work Our current system relies on an off-the-shelf detector for instance
masks, which are not necessarily spatio-temporally consistent. Though the ambiguity is partially al-
leviated by data association and multi-view supervision, a reasonable global constraints will be better.
As objects are modelled independently, dynamic objects can be continually tracked and reconstructed
to enable downstream tasks, e.g., robotic manipulation[ WSJ"20]. To extend our system to a monoc-
ular dense mapping system, depth estimation networks[YPN 22, LLW*21] or more efficient neural

rendering approaches [MESK22] could be further integrated.
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In this chapter, we have demonstrated how neural fields can be used for efficient object-level 3D
scene reconstruction without relying on any 3D priors. While our approach is both compact and com-
posable, it still requires dense observations and scene-specific optimization. In the next chapter, we
move beyond per-scene modeling and investigate how to learn generalizable 3D priors through large-
scale pre-training. By doing so, we aim to reconstruct objects and scenes from sparse observations,

enabling a new level of scalability and generalization in 3D neural scene representations.
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Figure 4.1: Multi-view to Multi Novel View Synthesis. We introduce EscherNet, a diffusion model
that can generate a flexible number of consistent target views (highlighted in ) with arbitrary
camera poses, based on a flexible number of reference views (highlighted in ). EscherNet
demonstrates precise camera control and robust generalisation across synthetic and real-world images
featuring multiple objects and rich textures.

In the previous Chapter 3, we investigated efficient 3D scene representation by training vectorised
neural fields at the object level. While effective, these representations are inherently object- or scene-
specific and rely on dense observations for accurate 3D reconstruction. In this chapter, we shift focus
towards learning generalisable 3D priors across scenes and objects, aiming to enable reconstruction

or synthesis of novel scenes from only sparse observations by leveraging strong learned priors.

We introduce EscherNet, a multi-view conditioned diffusion model for view synthesis. EscherNet
learns implicit and generative 3D representations coupled with a specialised camera positional en-
coding, allowing precise and continuous relative control of the camera transformation between an
arbitrary number of reference and target views. EscherNet offers exceptional generality, flexibility,
and scalability in view synthesis — it can generate more than 100 consistent target views simulta-
neously on a single consumer-grade GPU, despite being trained with a fixed number of 3 reference
views to 3 target views. As a result, EscherNet not only addresses zero-shot novel view synthesis, but

also naturally unifies single- and multi-image 3D reconstruction, combining these diverse tasks into
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a single, cohesive framework. Our extensive experiments demonstrate that EscherNet achieves state-
of-the-art performance in multiple benchmarks, even when compared to methods specifically tailored
for each individual problem. This notable versatility opens up new directions for designing scalable

neural architectures for 3D vision. Project page: https://kxhit.github.io/EscherNet.

4.1 Introduction

View synthesis stands as a fundamental task in computer vision and computer graphics. By allowing
the re-rendering of a scene from arbitrary viewpoints based on a set of reference viewpoints, this
mimics the adaptability observed in human vision. This ability is not only crucial for practical ev-
eryday tasks like object manipulation and navigation, but also plays a pivotal role in fostering human

creativity, enabling us to envision and craft objects with depth, perspective, and a sense of immersion.

In this chapter, we revisit the problem of view synthesis and ask: How can we learn a general 3D
representation to facilitate scalable view synthesis? We attempt to investigate this question from the

following two observations:

i) Up until now, recent advances in view synthesis have predominantly focused on training speed
and/or rendering efficiency [MESK22, KKLD23, SSC22, GKJ"21]. Notably, these advancements
all share a common reliance on volumetric rendering for scene optimisation. Thus, all these view
synthesis methods are inherently scene-specific, coupled with global 3D spatial coordinates. In con-
trast, we advocate for a paradigm shift where a 3D representation relies solely on scene colours and
geometries, learning implicit representations without the need for ground-truth 3D geometry, while
also maintaining independence from any specific coordinate system. This distinction is crucial for

achieving scalability to overcome the constraints imposed by scene-specific encoding.

ii) View synthesis, by nature, is more suitable to be cast as a conditional generative modelling prob-
lem, similar to generative image in-painting [YLY "18, LDR"22]. When given only a sparse set
of reference views, a desired model should provide multiple plausible predictions, leveraging the
inherent stochasticity within the generative formulation and drawing insights from natural image

statistics and semantic priors learned from other images and objects. As the available information
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increases, the generated scene becomes more constrained, gradually converging closer to the ground-
truth representation. Notably, existing 3D generative models currently only support a single reference
view [LWVH23, SCZ 23, LLZ 24, LGL 24, LXJ"23]. We argue that a more desirable generative

formulation should flexibly accommodate varying levels of input information.

Building upon these insights, we introduce EscherNet, an image-to-image conditional diffusion model
for view synthesis. EscherNet leverages a transformer architecture [VSP™ 17], employing dot-product
self-attention to capture the intricate relation between both reference-to-target and target-to-target
views consistencies. A key innovation within EscherNet is the design of camera positional encoding
(CaPE), dedicated to representing both 4 DoF (object-centric) and 6 DoF camera poses. This encoding
incorporates spatial structures into the tokens, enabling the model to compute self-attention between
query and key solely based on their relative camera transformation. In summary, EscherNet exhibits

these notable characteristics:

* Consistency: EscherNet inherently integrates view consistency thanks to the design of camera
positional encoding, encouraging both reference-to-target and target-to-target view consisten-

cies.

* Scalability: Unlike many existing neural rendering methods that are constrained by scene-
specific optimisation, EscherNet decouples itself from any specific coordinate system and the
need for ground-truth 3D geometry, without any expensive 3D operations (e.g. 3D convolutions

or volumetric rendering), making it easier to scale with everyday posed 2D image data.

* Generalisation: Despite being trained on only a fixed number of 3 reference to 3 target views,
EscherNet exhibits the capability to generate any number of target views, with any camera
poses, based on any number of reference views. Notably, EscherNet exhibits improved genera-
tion quality with an increased number of reference views, aligning seamlessly with our original

design goal.

We conduct a comprehensive evaluation across both novel view synthesis and single/multi-image
3D reconstruction benchmarks. Our findings demonstrate that EscherNet not only outperforms all

3D diffusion models in terms of generation quality but also can generate plausible view synthesis
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given very limited views. This stands in contrast to these scene-specific neural rendering methods
such as InstantNGP [MESK?22] and Gaussian Splatting [KKLD23], which often struggle to generate
meaningful content under such constraints. This underscores the effectiveness of our method’s simple
yet scalable design, offering a promising avenue for advancing view synthesis and 3D vision as a

whole.

4.2 Related Work

Neural 3D Representations Early works in neural 3D representation learning focused on directly
optimising on 3D data, using representations such as voxels [MS15] and point clouds [QSMG17,
QYSGI17], for explicit 3D representation learning. Alternatively, another line of works focused on
training neural networks to map 3D spatial coordinates to signed distance functions [PFS™ 19] or oc-
cupancies [MON™ 19, PNM"20], for implicit 3D representation learning. However, all these methods
heavily rely on ground-truth 3D geometry, limiting their applicability to small-scale synthetic 3D

data [WSK ™15, CFGT15].

To accommodate a broader range of data sources, differentiable rendering functions [NMOG?20,
SZW19] have been introduced to optimise neural implicit shape representations with multi-view
posed images. More recently, NeRF [MST"20a] paved the way to a significant enhancement in
rendering quality compared to these methods by optimising MLPs to encode 5D radiance fields. In
contrast to tightly coupling 3D scenes with spatial coordinates, we introduce EscherNet as an alter-
native for 3D representation learning by optimising a neural network to learn the interaction between

multi-view posed images, independent of any coordinate system.

Novel View Synthesis The success of NeRF has sparked a wave of follow-up methods that address
faster training and/or rendering efficiency, by incorporating different variants of space discretisa-
tion [GKJ ™21, HSM 21, CXG*22], codebooks [TET"22], and encodings using hash tables [MESK22]

or Gaussians [KKLD23].

To enhance NeRF’s generalisation ability across diverse scenes and in a few-shot setting, Pixel-
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NeRF Zero-1-to-3 EscherNet

Figure 4.2: 3D Representations Overview. EscherNet generates a set of M target views X7, , based
on their camera poses P?, ,, leveraging information gained from a set of NV reference views X%, and
their camera poses P% .. EscherNet presents a new way of learning implicit 3D representations by
only considering the relative camera transformation between the camera poses of P# and P7, making
it easier to scale with multi-view posed images, independent of any specific coordinate systems.

NeRF [YYTK21] attempts to learn a scene prior by jointly optimising multiple scenes, but it is
constrained by the high computational demands required by volumetric rendering. Various other
approaches have addressed this issue by introducing regularisation techniques, such as incorporating
low-level priors from local patches [NBM*22], ensuring semantic consistency [JTA21], considering
adjacent ray frequency [ YPW23], and incorporating depth signals [DILLZR22]. In contrast, EscherNet
encodes scenes directly through the image space, enabling the learning of more generalised scene

priors through large-scale datasets.

3D Diffusion Models The emergence of 2D generative diffusion models has shown impressive ca-
pabilities in generating realistic objects and scenes [HJA20, RBL."22]. This progress has inspired the
early design of text-to-3D diffusion models, such as DreamFusion [PJBM23] and Magic3D [LGT 23],
by optimising a radiance field guided by score distillation sampling (SDS) from these pre-trained 2D
diffusion models. However, SDS necessitates computationally intensive iterative optimisation, often

requiring up to an hour for convergence. Additionally, these methods, including recently proposed
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image-to-3D generation approaches [DJQ 23, XJW 23, MKLRV23], frequently yield unrealistic 3D
generation results due to their limited 3D understanding, giving rise to challenges such as the multi-

face Janus problem.

To integrate 3D priors more efficiently, an alternative approach involves training 3D generative mod-
els directly on 3D datasets, employing representations such as point clouds [NJD22] or neural
fields [EMS ™23, CGC"23, JN23]. However, this design depends on 3D operations, such as 3D con-

volution and volumetric rendering, which are computationally expensive and challenging to scale.

To address this issue, diffusion models trained on multi-view posed data have emerged as a promis-
ing direction, designed with no 3D operations. Zero-1-to-3 [LWVH 23] stands out as a pioneer-
ing work, learning view synthesis from paired 2D posed images rendered from large-scale 3D ob-
ject datasets [DSS*23, DLW "23]. However, its capability is limited to generating a single target
view conditioned on a single reference view. Recent advancements in multi-view diffusion mod-
els [SWY 24, YWL 24, SCZ 23, LLLZ"24, LGL 24, LXJ 23] focused on 3D generation and can
only generate a fixed number of target views with fixed camera poses. In contrast, EscherNet can gen-
erate an unrestricted number of target views with arbitrary camera poses, offering superior flexibility

in view synthesis.

4.3 EscherNet

Problem Formulation and Notation In EscherNet, we recast the view synthesis as a conditional

generative modelling problem, formulated as:

XT ~ p(xT|xt pr ph. 4.1)

Here, X7 = {X7T,,} and PT = {P7,,} represent a set of M target views X7, with their global
camera poses P7, . Similarly, X7 = {Xf} and P = {Pf} represent a set of NV reference views
X R with their global camera poses P1,.. Both N and M can take on arbitrary values during both

model training and inference.
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We propose a neural architecture design, such that the generation of each target view X! € X7
solely depends on its relative camera transformation to the reference views (Pf)’lPiT, ‘V’Pf € PE,

introduced next.

4.3.1 Architecture Design

We design EscherNet following two key principles: 1) It builds upon an existing 2D diffusion model,
inheriting its strong web-scale prior through large-scale training, and ii) It encodes camera poses
for each view/image, similar to how language models encode token positions for each token. So
our model can naturally handle an arbitrary number of views for any-fo-any view synthesis. The

architecture is shown in Fig. 4.3.

Multi-View Generation EscherNet can be seamlessly integrated with any 2D diffusion model with
a transformer architecture, with no additional learnable parameters. In this work, we design Escher-
Net by adopting a latent diffusion architecture, specifically StableDiffusion v1.5[RBL"22].
This choice enables straightforward comparisons with numerous 3D diffusion models that also lever-

age the same backbone (more details in the experiment section).

To tailor the Stable Diffusion model, originally designed for text-to-image generation, to multi-view
generation as applied in EscherNet, several key modifications are implemented. In the original Sta-
ble Diffusion’s denoiser U-Net, the self-attention block was employed to learn interactions within
different patches within the same image. In EscherNet, we re-purpose this self-attention block to fa-
cilitate learning interactions within distinct patches across M different target views, thereby ensuring
target-to-target consistency. Likewise, the cross-attention block, originally used to integrate textual
information into image patches, is repurposed in EscherNet to learn interactions within /V reference

to M target views, ensuring reference-to-target consistency.

Conditioning Reference Views In view synthesis, it is crucial that the conditioning signals ac-
curately capture both the high-level semantics and low-level texture details present in the reference

views. Previous works in 3D diffusion models [LWVH23, LLZ"24] have employed the strategy
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of encoding high-level signals through a frozen CLIP pre-trained ViT [RKH"21] and encoding low-
level signals by concatenating the reference image into the input of the U-Net of Stable Diffusion.

However, this design choice inherently constrains the model to handle only one single view.

In EscherNet, we choose to incorporate both high-level and low-level signals in the conditioning
image encoder, representing reference views as sets of tokens. This design choice allows our model
to maintain flexibility in handling a variable number of reference views. Early experiments have
confirmed that using a frozen CLIP-ViT alone may fail to capture low-level textures, preventing the
model from accurately reproducing the original reference views given the same reference view poses
as target poses. While fine-tuning the CLIP-ViT could address this issue, it poses challenges in
terms of training efficiency. Instead, we opt to fine-tune a lightweight vision encoder, specifically
ConvNeXtv2-Tiny [WDH" 23], which is a highly efficient CNN architecture. This architecture is
employed to compress our reference views to smaller resolution image features. We treat these image
features as conditioning tokens, effectively representing each reference view. This configuration has
proven to be sufficient in our experiments, delivering superior results in generation quality while

simultaneously maintaining high training efficiency.

4.3.2 Camera Positional Encoding (CaPE)

To encode camera poses efficiently and accurately into reference and target view tokens within a
transformer architecture, we introduce Camera Positional Encoding (CaPE), drawing inspiration from
recent advancements in the language domain. We first briefly examine the distinctions between these

two domains.

— In language, token positions (associated with each word) follow a linear and discrete structure, and
their length can be infinite. Language models are typically trained with fixed maximum token counts
(known as context length), and it remains an ongoing research challenge to construct a positional
encoding that enables the model to behave reasonably beyond this fixed context length [PQFS24,

HWP+24].

— In 3D vision, token positions (associated with each camera) follow a cyclic, continuous, and
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bounded structure for rotations and a linear, continuous, and unbounded structure for translations.
Importantly, unlike the language domain where the token position always starts from zero, there are
no standardised absolute global camera poses in a 3D space. The relationship between two views

depends solely on their relative camera transformation.

We now present two distinct designs for spatial position encoding, representing camera poses using
4 DoF for object-centric rendering and 6 DoF for the generic case, respectively. Our design strategy
involves directly applying a transformation on global camera poses embedded in the token feature,
which allows the dot-product attention to directly encode the relative camera transformation, inde-

pendent of any coordinate system.

4 DoF CaPE In the case of 4 DoF camera poses, we adopt a spherical coordinate system, sim-
ilar to [LWVH'23, LLZ"24], denoted as P = {«, 3,7, 7} including azimuth, elevation, camera
orientation along the look-at direction, and camera distance (radius), each position component is dis-

entangled.

Mathematically, the position encoding function 7(v, P), characterised by its d-dimensional token

feature v € R? and pose P, should satisfy the following conditions:

<7T<V1,91),7T(V2702)> == <7T<V1,91 — 02),7T(V2, 0>>7 (42)

(m(vy,11), m(va,12)) = (m(vy, 11 /1re), m(Va, 1)). 4.3)

Here (-, -) represents the dot product operation, 0, » € {«a, 3,7}, within a,y € [0, 27), 5 € [0, 7), and
ri2 > 0. Essentially, the relative 4 DoF camera transformation is decomposed to the relative angle

difference in rotation and the relative scale difference in view radius.

Notably, Eq. 4.2 aligns with the formula of rotary position encoding (RoPE) [SLP*21] derived in the
language domain. Given that log(r;) — log(ry) = log(s - r1) — log(s - ) (for any scalar s > 0), we
may elegantly combine both Eq. 4.2 and Eq. 4.3 in a unified formulation using the design strategy in

ROoPE by transforming feature vector v with a block diagonal rotation matrix ¢(P) encoding P.
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—4 DoF CaPE: 7(v,P) = ¢(P)v,

v 0 --- 0 \Ita 0 ... 0

$(P) = LU = . (4.4)
L0 0 0 W, 0
0 0 v 0 0 W,

cos —sinf
Rotation: ¥y = , 4.5)

sinf cosf

View Radius: ¥, = cos(f(r)) = sin(f(r)) , (4.6)

sin(f(r))  cos(f(r))

l - 1 min
where f(r) = m—o  —08Tmin g 4.7)

B 1Og Tmax — IOg T'min

Here, dim(v) = d should be divisible by 2|P| = 8. Note, it’s crucial to apply Eq. 4.7 to constrain
log  within the range of rotation [0, 7|, so we ensure the dot product monotonically corresponds to

its scale difference.

6 DoF CaPE In the case of 6 DoF camera poses, denoted as P = [R t] € SE(3), each position
component is entangled, implying that we are not able to reformulate as a multi-dimensional position

as in 4 DoF camera poses.

Mathematically, the position encoding function 7 (v, P) should now satisfy the following condition:

(m(vy,Py),m(ve, Py)) = <7T(V1,P2_1P1),7T(V2,I)>. (4.8)

Let’s apply a similar strategy as used in 4 DoF CaPE, which increases the dimensionality of P € R**4
to ¢(P) € R4 by reconstructing it as a block diagonal matrix, with each diagonal element being

P. Since ¢(P) also forms a real Lie group, we may construct 7(+,-) for a key and query using the
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following equivalence:

(0(P3'P1)v1)" (p(I)va) = (VIo(PIPT)) v (4.9)
= (vi o(P1))(@(P3T)va) = (6(P1)v1)T(¢(P5T)v2) (4.10)
= (7(v1,0(P1)), 7(va, 6(P5T))). @.11)

—6 DoF CaPE: 7(v,P) = ¢(P)v,

v 0 --- 0
0O ¥ 0 : P if key
o(P) = , W= : (4.12)
0 0 P~7 if query
0 0 w

Here, dim(v) = d should be divisible by dim(P) = 4. Similarly, we need to re-scale the translation

t for each scene within a unit range for efficient model training.

In both 4 and 6 DoF CaPE implementation, we can efficiently perform matrix multiplication by simply
reshaping the vector v to match the dimensions of W (8 for 4 DoF, 4 for 6 DoF), ensuring faster

computation.

Python Implementation of CaPE We provide Python implementations of CaPE for both 4DoF
(Listing 4.3.2) and 6DoF (Listing 4.3.2). Similar to RoPE [SLP"21], CaPE can be seamlessly in-
tegrated into the Transformer’s attention mechanism without introducing additional parameters or

computational overhead.
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def compute_4dof_cape(v, P, s):
wnn
:param v: input feature vector with its dimension must be divisible by 8
:param P: list = [alpha, beta, gamma, r]
:param s: a small scalar for radius
:return: rotated v with its corresponding camera pose P
v = v.reshape([-1, 8])
psi = np.zeros([8, 8])

for i in range (4):

if 1 < 3:
psif2 % i:2 %« (i + 1), 2 * 1:2 » (1 + 1)1 =\
np.array([[np.cos(P[i]), -np.sin(P[i])], [np.sin(P[i]), np.cos(P[i])]1])
else:
psif2 % i:2 %« (i + 1), 2 * 1:2 » (i + 1)1 =\
np.array([[np.cos(s * np.log(P[i])), -np.sin(s * np.log(P[i]))],

[np.sin(s * np.log(P[i])), np.cos(s * np.log(P[1]))1])

return v.dot (psi) .reshape (-1)

Listing 4.1: Python implementation for 4 DoF CaPE.

def compute_6dof_cape (v, P, s=0.001, key=True):
wnn
:param v: input feature vector with its dimension must be divisible by 4
:param P: 4 x 4 SE3 matrix
:param s: a small scalar for translation
:return: rotated v with its corresponding camera pose P
v = v.reshape([-1, 4])
P[:3, 3] »= s
psi = P if key else np.linalg.inv(P).T

return v.dot (psi) .reshape (-1)

Listing 4.2: Python implementation for 6 DoF CaPE.
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4.4 Experiments

4.4.1 Implementation Details

Training Datasets In this work, we focus on object-centric view synthesis, training our model on
Objaverse-1.0 which consists of 800K objects [DSS23]. This setting allows us to fairly compare
with all other 3D diffusion model baselines trained on the same dataset. We adopt the same training
data used in Zero-1-to-3 [LWVH 23], which contains 12 randomly rendered views per object with
randomised environment lighting. To ensure the data quality, we filter out empty rendered images,

which make up roughly 1% of the training data.

We trained and reported results using EscherNet with both 4 DoF and 6 DoF CaPE. Our observations
revealed that 6 DoF CaPE exhibits a slightly improved performance, which we attribute to its more
compressed representation space. However, empirically, we found that 4 DoF CaPE yields visually
more consistent results when applied to real-world images. Considering that the training data is
confined within a 4 DoF object-centric setting, we present EscherNet with 4 DoF CaPE in the main

experiments and provide the comparison with 6DoF later.

Optimisation and Implementation EscherNet is trained using the AdamW optimiser [[LH19] with
a learning rate of 1-10~* and weight decay of 0.01 for [256 x 256] resolution images. We incorporate
cosine annealing, reducing the learning rate to 1 - 10~ over a total of 100,000 training steps, while
linearly warming up for the initial 1000 steps. To speed up training, we implement automatic mixed
precision with a precision of bf£16 and employ gradient checkpointing. Our training batches consist
of 3 reference views and 3 target views randomly sampled with replacement from 12 views for each
object, with a total batch size of 672 (112 batches per GPU). The entire model training process takes

1 week on 6 NVIDIA A100 80GB GPUs.
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4.4.2 Evaluation Details

In all experiments, we re-evaluate the baseline models by using their officially open-sourced check-

points on the same set of reference views for a fair comparison.

Metrics To evaluate view synthesis quality in 2D metrics, we employ PSNR, SSIM [WBSS04], and
LPIPS [ZIE" 18]. For 3D metrics used in 3D generation, we employ Chamfer Distance and Volume
IoU. To ensure a fair and efficient evaluation process, each baseline method and our approach are
executed only once per scene per viewpoint. This practice has proven to provide stable averaged

results across multiple scenes and viewpoints.

In NeRF Synthetic Dataset [MST "20a], we consider and evaluate all 8 scenes provided in the
original dataset. To assess performance with varying numbers of reference views, we train all baseline
methods and our approach using the same set of views randomly sampled from the training set. The
evaluation is conducted on all target views defined in the test sets across all 8 scenes (with 200 views
per scene). For InstantNGP [MESK?22], we run 10k steps (= 1min) for each scene. For 3D Gaussian

Splatting [KKLD23], we run 5k steps (=~ 2min) for each scene.

In Google Scanned Dataset (GSO) [DFK22], we evaluate the same 30 objects chosen by Sync-
Dreamer [[LLLZ"24]. For each object, we render 25 views with randomly generated camera poses
and a randomly generated environment lighting condition to construct our test set. For each object,
we choose the first 10 images as our reference views and the subsequent 15 images as our target
views for evaluation. It’s crucial to note that all reference and target views are rendered with random
camera poses, establishing a more realistic and challenging evaluation setting compared to the evalu-
ation setups employed in other baselines: e.g. SyncDreamer uses an evenly distributed environment
lighting to render all GSO data, and the reference view for each object is manually selected based on
human preference.! Additionally, the evaluated target view is also manually selected based on human

preference chosen among four independent generations.’

'https://github.com/liuyuan-pal/SyncDreamer/issues/21
https://github.com/liuyuan-pal/SyncDreamer/issues/21#issuecomment-1770345260
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Training # Ref. GSO-30 RTMV
Data  Views PSNR{ SSIMt LPIPS, PSNRT SSIM{ LPIPS|

RealFusion - 1 12.76 0.758 0.382 - - -

Zerol23 800K 1 18.51 0.856 0.127 10.16 0.505 0.418
Zerol123-XL 10M 1 18.93 0.856 0.124 10.59 0.520 0.401
EscherNet 800k 1 20.24 0.884 0.095 10.56 0.518 0.410
EscherNet 800k 2 2291 0.908 0.064 12.66 0.585 0.301
EscherNet 800k 3 24.09 0.918 0.052 13.59 0.611 0.258
EscherNet 800k 5 25.09 0.927 0.043 14.52 0.633 0.222
EscherNet 800k 10 25.90 0.935 0.036 15.55 0.657 0.185

Table 4.1: Novel View Synthesis Results on GSO and RTMYV Datasets. EscherNet outperforms
Zero-1-to-3-XL with significantly less training data and RealFusion without extra SDS optimisation.
Additionally, EscherNet’s performance exhibits further improvement with the inclusion of more ref-
erence views.

In evaluating 3D generation, we randomly sample 4096 points evenly distributed from the generated
3D mesh or point cloud across all methods. Each method’s generated mesh is aligned to the ground-
truth mesh using the camera pose of the reference views. Specifically in Point-E [NJD*22] and
Shape-E [JN23], we rotate 90/180 degrees along each x/y/z axis to determine the optimal alignment
for the final mesh pose. Our evaluation approach again differs from SyncDreamer, which initially
projects the 3D mesh into their fixed 16 generated views to obtain depth maps. Then, points are

sampled from these depth maps for the final evaluation.’

In RTMYV Dataset [TME"22], we follow the evaluation setting used in Zero-1-to-3 [LWVH 23],
which consists of 10 complex scenes featuring a pile of multiple objects from the GSO dataset. Sim-
ilar to the construction of our GSO test set, we then randomly select a fixed subset of the first 10

images as our reference views and the subsequent 10 views as our target views for evaluation.

4.4.3 Results on Novel View Synthesis

We evaluate EscherNet in the novel view synthesis task on the Google Scanned Objects dataset

(GSO) [DFK22] and the RTMV dataset [TME"22], comparing with 3D diffusion models for view

3https://github.com/liuyuan-pal/SyncDreamer/issues/44



4.4. Experiments 79

# Reference Views (Less — More)
1 2 3 5 10 20 50 100

InstantNGP (Scene Specific Training)

PSNRT 10.92 12.42 14.27 18.17 22.96 24.99 26.86 27.30
SSIM?T 0.449 0.521 0.618 0.761 0.881 0.917 0.946 0.953
LPIPS] 0.627 0.499 0.391 0.228 0.091 0.058 0.034 0.031

GaussianSplatting (Scene Specific Training)

PSNRT 9.44 10.78 12.87 17.09 23.04 25.34 26.98 27.11
SSIM?T 0.391 0.432 0.546 0.732 0.876 0.919 0.942 0.944
LPIPS| 0.610 0.541 0.441 0.243 0.085 0.054 0.041 0.041

EscherNet (Zero Shot Inference)

PSNR?T 13.36 14.95 16.19 17.16 17.74 17.91 18.05 18.15
SSIMt 0.659 0.700 0.729 0.748 0.761 0.765 0.769 0.771
LPIPS| 0.291 0.208 0.161 0.127 0.114 0.106 0.099 0.097

Table 4.2: Novel View Synthesis Results on NeRF Synthetic Dataset. EscherNet outperforms
both InstantNGP and Gaussian Splatting when provided with fewer than five reference views while
requiring no scene-specific optimisation. However, as the number of reference views increases, both
methods show a more significant improvement in rendering quality.

synthesis, such as Zero-1-to-3 [LWVH"23] and RealFusion [MKLRV23] (primarily for generation
quality with minimal reference views). Also, we evaluate on the NeRF Synthetic dataset [MST"20a],
comparing with SoTA scene-specific neural rendering methods, such as InstantNGP [MESK?22] and

3D Gaussian Splatting [KKLD23] (primarily for rendering accuracy with multiple reference views).

Notably, many other 3D diffusion models [LLZ"24, LGL 24, SCZ"23, YWL"24, LLXJ"23] priori-
tise 3D generation rather than view synthesis. This limitation confines them to predicting target views

with fixed target poses, making them not directly comparable.

Compared to 3D Diffusion Models In Tab. 4.1 and Fig. 4.4, we show that EscherNet signifi-
cantly outperforms 3D diffusion baselines, by a large margin, both quantitatively and qualitatively.
Particularly, we outperform Zero-1-to-3-XL despite it being trained on x 10 more training data, and
RealFusion despite it requiring expensive score distillation for iterative scene optimisation [PJBM23].
It’s worth highlighting that Zero-1-to-3 by design is inherently limited to generating a single target
view and cannot ensure self-consistency across multiple target views, while EscherNet can generate

multiple consistent target views jointly and provides more precise camera control.
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# Reference Views (Less — More)
1 2 3 5 10 20 50 100

InstantNGP (Scene Specific Trammg)

PSNR 9.45 PSNR 11. 41 PSNR 26.18 PSNR 28.54 PSNR 28.87

aaaeT & ) ' )
PSNR 10.37 PSNR 11. 72 PSNR 12.82 PSNR 15. 58 PSNR 19.71 PSNR 21.28 PSNR 23.09 PSNR 23.78

3D Gauss1an Splatt' g (Scene Specnﬁc Training)

PSNR 8.07 PSNR9.16 PSNR 11.72 PSNR 17.32 PSNR 24.19 PSNR 25.34 PSNR 26.98 PSNR 29.01

PSNR 9 14 PSNR 10.63 PSNR 11.43 PSNR 14. 81 PSNR 20.15

EscherNet (Zero Shot Inference)

PSNR 10.10 PSNR 13.25 PSNR 13.43 PSNR 14.33 PSNR 14.97 PSNR 15.65 PSNR 15.70 PSNR 15.90

Table 4.3: Novel View Synthesis on NeRF Synthetic Dataset. We report the average PSNR per
scene, conditioned on the respective number of reference views. EscherNet generates plausible view
synthesis even when provided with very limited reference views, while neural rendering methods fail
to generate any meaningful content. However, when we have more than 10 reference views, scene-
specific methods exhibit a substantial improvement in rendering quality.

Compared to Neural Rendering Methods In Tab. 4.2 and Tab. 4.3, we show that EscherNet again

offers plausible view synthesis in a zero-shot manner, without scene-specific optimisation required
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# Ref. Views Chamfer Dist. | Volume IoU 1

Point-E 1 0.0447 0.2503
Shape-E 1 0.0448 0.3762
One2345 1 0.0632 0.4209
One2345-XL 1 0.0667 0.4016
DreamGaussian 1 0.0605 0.3757
DreamGaussian-XL 1 0.0459 0.4531
SyncDreamer 1 0.0400 0.5220
NeuS 3 0.0366 0.5352
NeuS 5 0.0245 0.6742
NeuS 10 0.0195 0.7264
EscherNet 1 0.0314 0.5974
EscherNet 2 0.0215 0.6868
EscherNet 3 0.0190 0.7189
EscherNet 5 0.0175 0.7423
EscherNet 10 0.0167 0.7478

Table 4.4: 3D Reconstruction Results on GSO. EscherNet outperforms all other image-to-3D base-
lines in generating more visually appealing and accurate 3D geometry, particularly when conditioned
on multiple reference views.

by both InstantNGP and 3D Gaussian Splatting. Notably, EscherNet leverages a generalised under-
standing of objects acquired through large-scale training, allowing it to interpret given views both
semantically and spatially, even when conditioned on a limited number of reference views. However,
with an increase in the number of reference views, both InstantNGP and 3D Gaussian Splatting ex-
hibit a significant improvement in the rendering quality. To achieve a photo-realistic neural rendering

while retaining the advantages of a generative formulation remains an important research challenge.

4.4.4 Results on 3D Generation

In this section, we perform single/few-image 3D generation on the GSO dataset. We compare with
SoTA 3D generation baselines: Point-E [NJD"22] for direct point cloud generation, Shape-E [JN23]
for direct NeRF generation, DreamGaussian [JN23] for optimising 3D Gaussian [KKLD23] with SDS
guidance, One-2-3-45 [LLXJ"23] for decoding an SDF using multiple views predicted from Zero-
1-to-3, and SyncDreamer [LI.Z"24] for fitting an SDF using NeuS [WLL"21] from 16 consistent

fixed generated views. We additionally include NeuS trained on reference views for few-image 3D
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Figure 4.4: Novel View Synthesis Visualisation on GSO and RTMV Datasets. EscherNet out-
performs Zero-1-to-3-XL, delivering superior generation quality and finer camera control. Notably,
when conditioned with additional views, EscherNet exhibits an enhanced resemblance of the gener-
ated views to ground-truth textures, revealing more refined texture details such as in the backpack
straps and turtle shell.

Reference| One-2-3-45-XL.  DreamGaussian-XL SyncDreamer EscherNet Ground-Truth

Figure 4.5: Single View 3D Reconstruction Visualisation on GSO. EscherNet’s ability to generate
dense and consistent novel views significantly improves the reconstruction of complete and well-
constrained 3D geometry. In contrast, One-2-3-45-XL and DreamGaussian-XL, despite leveraging
a significantly larger pre-trained model, tend to produce over-smoothed and noisy reconstructions;
SyncDreamer, constrained by sparse fixed-view synthesis, struggles to tightly constrain geometry,
particularly in areas in sofa and the bottom part of the bell.
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reconstruction baselines.

Given any reference views, EscherNet can generate multiple 3D consistent views, allowing for the
straightforward adoption with NeuS [WLL"21] for 3D reconstruction. We generate 36 fixed views,
varying the azimuth from 0° to 360° with a rendering every 30° at a set of elevations (-30°, 0°, 30°),

which serve as inputs for our NeuS reconstruction.

In Tab. 4.4 and Fig. 4.5, we show that EscherNet stands out by achieving significantly superior 3D
reconstruction quality compared to other image-to-3D generative models. Specifically, EscherNet
demonstrates an approximate 25% improvement in Chamfer distance over SyncDreamer, considered
as the current best model, when conditioned on a single reference view, and a 60% improvement when
conditioned on 10 reference views. This impressive performance is attributed to EscherNet’s ability
to flexibly handle any number of reference and target views, providing comprehensive and accurate
constraints for 3D geometry. In contrast, SyncDreamer faces challenges due to sensitivity to eleva-
tion angles and constraints imposed by a fixed 30° elevation angle by design, thus hindering learning
a holistic representation of complex objects. This limitation results in degraded reconstruction, par-

ticularly evident in the lower regions of the generated geometry.

4.4.5 Results on Text-to-3D Generation

EscherNet’s flexibility in accommodating any number of reference views enables a straightforward
approach to the text-to-3D generation problem by breaking it down into two stages: text-to-image,
relying on any off-the-shelf text-to-image generative model, and then image-to-3D, relying on Es-
cherNet. In Fig. 4.6 and Tab. 4.5, we present visual results of dense novel view generation using a
text-to-4view model with MVDream [SWY "24] and a text-to-image model with SDXL [PEL"24].
Notably, even when dealing with out-of-distribution and counterfactual content, EscherNet generates

consistent 3D novel views with appealing textures.
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A bald eagle carved
out of wood. =

Figure 4.6: Text-to-3D Visualisation with MVDream (up) and SDXL (bottom). EscherNet of-
fers compelling and realistic view synthesis for synthetic images generated with user-provided text
prompts.
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Table 4.5: Text-to-3D Generation with SDXL (top 3) and MVDream (bottom 3).

4.4.6 Results with 6 DoF CaPE

To validate the effectiveness of the 6 DoF CaPE design, we demonstrate its performance in novel view

synthesis on GSO and RTMYV datasets in Tab. 4.6a and on the NeRF Synthetic dataset in Tab. 4.6c.



86 Chapter 4. EscherNet: Scalable 3D Multi-view Generative Synthesis

Training # Ref. GSO-30 RTMV

Data  Views pgNRt SSIMt LPIPS] PSNRT SSIMT LPIPS]

RealFusion - 1 12.76  0.758 0.382 - - -

Zerol23 800K 1 18.51 0.856 0.127 10.16 0.505 0418
Zerol23-XL 10M 1 1893 0.856 0.124 10.59 0.520 0.401
EscherNet - 4 DoF 800k 1 2024 0.884 0.095 10.56 0.518 0.410
EscherNet - 4 DoF 800k 2 2291 0908 0.064 12.66 0.585 0.301
EscherNet - 4 DoF 800k 3 24.09 0918 0.052 1359 0.611 0.258
EscherNet - 4 DoF 800k 5 25.09 0927 0.043 1452 0.633 0.222
EscherNet - 4 DoF 800k 10 2590 0935 0.036 1555 0.657 0.185
EscherNet - 6 DoF 800k 1 20.89 0.886 0.093 1230 0.569 0.332
EscherNet - 6 DoF 800k 2 2392 0917 0.057 14.18 0.618 0.252
EscherNet - 6 DoF 800k 3 2521 0927 0.045 15.06 0.643 0.217
EscherNet - 6 DoF 800k 5 26.59 0937 0.036 1571 0.663 0.190
EscherNet - 6 DoF 800k 10 2775 0947 0.030 16.58 0.688 0.160

(a) Novel View Synthesis Results on GSO and RTMV Datasets.

#Ref. Views Chamfer Dist. | Volume IoU 1

Point-E 1 0.0447 0.2503
Shape-E 1 0.04438 0.3762
One2345 1 0.0632 0.4209
One2345-XL 1 0.0667 0.4016
DreamGaussian 1 0.0605 0.3757
DreamGaussian-XL 1 0.0459 0.4531
SyncDreamer 1 0.0400 0.5220
NeuS 3 0.0366 0.5352
NeuS 5 0.0245 0.6742
NeuS 10 0.0195 0.7264
EscherNet - 4 DoF 1 0.0314 0.5974
EscherNet - 4 DoF 2 0.0215 0.6868
EscherNet - 4 DoF 3 0.0190 0.7189
EscherNet - 4 DoF 5 0.0175 0.7423
EscherNet - 4 DoF 10 0.0167 0.7478
EscherNet - 6 DoF 1 0.0274 0.6382
EscherNet - 6 DoF 2 0.0196 0.7100
EscherNet - 6 DoF 3 0.0180 0.7348
EscherNet - 6 DoF 5 0.0176 0.7392
EscherNet - 6 DoF 10 0.0160 0.7628

(b) 3D Reconstruction Results on GSO.

# Reference Views (Less — More)
1 2 3 5 10 20 50 100

InstantNGP (Scene Specific Training)

PSNRT 1092 1242 1427 18.17 2296 2499 26.86 27.30
SSIM?T 0.449 0.521 0.618 0.761 0.881 0.917 0.946 0.953
LPIPS| 0.627 0.499 0.391 0.228 0.091 0.058 0.034 0.031

GaussianSplatting (Scene Specific Training)

PSNRT 9.44 10.78 12.87 17.09 23.04 25.34 2698 27.11
SSIMT 0391 0432 0.546 0.732 0.876 0919 0.942 0.944
LPIPS] 0.610 0.541 0.441 0.243 0.085 0.054 0.041 0.041

EscherNet - 4 DoF (Zero Shot Inference)

PSNRT 13.36 1495 16.19 17.16 17.74 1791 18.05 18.15
SSIMT  0.659 0.700 0.729 0.748 0.761 0.765 0.769 0.771
LPIPS, 0.291 0.208 0.161 0.127 0.114 0.106 0.099 0.097

EscherNet - 6 DoF (Zero Shot Inference)

PSNRT 13.73 15.66 1691 17.72 1847 18.77 19.24 19.28
SSIMT  0.664 0.712 0.745 0.762 0.779 0.786 0.795 0.796
LPIPS] 0.294 0.197 0.149 0.120 0.103 0.095 0.085 0.084

(c) Novel View Synthesis Results on NeRF Synthetic Dataset.

Table 4.6: 6DoF v.s. 4DoF CaPE. 6 DoF presents a similar or improved performance than 4 DoF.
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We also provide 3D reconstruction results on GSO dataset in Tab. 4.6b. It is evident that EscherNet
with 6 DoF CaPE achieves comparable, and often, slightly improved results when compared to our 4

DoF CaPE design.

4.5 Discussions

Direct v.s. Autoregressive Generation EscherNet’s flexibility in handling arbitrary numbers of
reference and target views offers multiple choices for view synthesis. In our experiments, we employ
the straightforward direct generation to jointly generate all target views. Additionally, an alternative
approach is autoregressive generation, where target views are generated sequentially, similar to text

generation with autoregressive language models.

For generating a large number of target views, autoregressive generation can be significantly faster
than direct generation (e.g. more than 20x faster for generating 200 views). This efficiency gain
arises from converting a quadratic inference cost into a linear inference cost in each self-attention
block. However, it’s important to note that autoregressive generation may encounter a content drifting
problem in our current design, where the generated quality gradually decreases as each newly gen-
erated view depends on previously non-perfect generated views. Autoregressive generation boasts
many advantages in terms of inference efficiency and is well-suited for specific scenarios like SLAM
(Simultaneous Localization and Mapping). As such, enhancing rendering quality in such a setting

represents an essential avenue for future research.

Stochasticity and Consistency in Multi-View Generation We also observe that to enhance the
target view synthesis quality, especially when conditioning on a limited number of reference views,
introducing additional target views can be highly beneficial. These supplementary target views can
either be randomly defined or duplicates with the identical target camera poses. Simultaneously gen-
erating multiple target views serves to implicitly reduce the inherent stochasticity in the diffusion
process, resulting in improved generation quality and consistency. Through empirical investigations,

we determine that the optimal configuration ensures a minimum of 15 target views, as highlighted in
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Figure 4.7: Novel View Synthesis with a Different Number of Reference and Target Views. We
present the averaged performance of EscherNet on one pre-selected target view across objects in
the GSO dataset. We observe a clear improvement in view synthesis quality as the number of both
reference and target views increases. In this scenario, the multiple target views are essentially multiple
duplicates of the initially chosen single pre-selected view, a strategy we find effective in enhancing
view synthesis quality.

orange in Fig. 4.7. Beyond this threshold, any additional views yield marginal performance improve-

ments.

Training Data Sampling Strategy We have explored various combinations of N € {1,2,3,4,5}
reference views and M € {1,2,3,4,5} target views during EscherNet training. Empirically, a larger
number of views demand more GPU memory and slow down training speed, while a smaller number
of views may restrict the model’s ability to learn multi-view correspondences. To balance training
efficiency and performance, we set our training views to N = 3 reference views and M = 3 target
views for each object, a configuration that has proven effective in practice. Additionally, we adopt
a random sampling approach with replacement for these 6 views, introducing the possibility of re-
peated images in the training views. This sampling strategy has demonstrated a slight improvement

in performance compared to sampling without replacement.

Scaling with Multi-view Video EscherNet’s flexibility sets it apart from other multi-view diffusion
models [LLZ 24, LGL"24] that require a set of fixed-view rendered images from 3D datasets for
training. EscherNet can efficiently construct training samples using just a pair of posed images. While
it can benefit from large-scale 3D datasets like [DSS ™23, DLW " 23], EscherNet’s adaptability extends

to a broader range of posed image sources, including those directly derived from videos. Scaling
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EscherNet to accommodate multiple data sources is an important direction for future research.

4.6 Conclusions

In this chapter, we have introduced EscherNet, a multi-view conditioned diffusion model designed for
scalable view synthesis. Leveraging Stable Diffusion’s 2D architecture empowered by the innovative
Camera Positional Embedding (CaPE), EscherNet adeptly learns implicit 3D representations from

varying number of reference views, achieving consistent 3D novel view synthesis.

Limitations and Future Directions EscherNet’s flexibility in handling any number of reference
views allows for autoregressive generation, similar to autoregressive language models [BMR 20D,
CND™23]. While this approach significantly reduces inference time, it leads to a degraded generation
quality. Additionally, EscherNet’s current capability operates within a 3 DoF setting constrained by
its training dataset, which may not align with real-world scenarios, where views typically span in
SE(3) space. Future work will explore scaling EscherNet with 6 DoF training data with real-world

scenes, striving for a more general 3D representation.

Recent Advances Building upon the ideas introduced by EscherNet, subsequent studies have evolved
along two related directions. The first focuses on multi-view diffusion synthesis, where models such as
SV3D [VYB*24], CAT3D [GHH"24], LVSM [JJT"25], SEVA [ZGV'25], and CAT4D [WGP25]
extend diffusion-based generation toward more coherent and scalable 3D and 4D representations.
CAT3D and CAT4D integrate spatial and temporal diffusion for static and dynamic scenes, SEVA and
SV3D enable flexible view and video synthesis from sparse or single-view inputs, and LVSM adopts a
transformer-based architecture with Pliicker ray encoding to achieve strong generalization with min-
imal 3D inductive bias. The second direction concerns camera pose encoding within attention-based
frameworks, where PROPE [LYL"25] extends CaPE by incorporating intrinsic parameters and sys-
tematically benchmarking different encoding strategies across tasks such as novel view synthesis,

stereo depth estimation, and spatial reasoning. These developments highlight the growing role of
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geometry-aware conditioning and cross-view reasoning in advancing 3D generation and understand-

ing.

In the next chapter, we build upon the ideas introduced in EscherNet and further extend novel view
synthesis to more complex, scene-level settings with arbitrary camera poses and richer semantic di-
versity. We propose a fully autoregressive diffusion framework with key-value caching to enable
more efficient any-to-any view synthesis. This approach not only improves scalability and flexibility
but also brings us closer to real-time novel view generation, with applications in AR/VR, interactive

media, and world modeling.
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As discussed in the previous Chapter 4, multi-view diffusion models have shown strong potential

in synthesizing novel 3D views and learning general 3D priors. However, most existing approaches
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2 views

- !
2 |
Figure 5.1: Autoregressive Novel View Generation. CausNVS generates target views autoregres-
sively from an arbitrary number of input views. Albeit trained with sequences of 8 frames, it is

capable of longer rollouts maintaining 3D consistency, and results continue to improve with more
input views.

assume a fixed number of input and output views, which limits their applicability in dynamic or open-
ended scenarios such as interactive media and continual world modeling. While EscherNet introduces
a novel architecture and relative S E'(3) pose encoding to support multi-view to multi-view synthesis,
it still requires denoising all target views simultaneously, which can be computationally inefficient

and inflexible.

In this chapter, we take a step further by proposing CausNVS, an autoregressive multi-view dif-
fusion model that flexibly handles arbitrary numbers of input and output views. Specifically, we
propose CausNVS, a multi-view diffusion model in an autoregressive setting, which supports arbi-
trary input-output view configurations and generates views sequentially. We train CausNVS with
causal masking and per-frame noise, using pairwise-relative camera pose encodings (CaPE) for pre-
cise camera control. At inference time, we combine a spatially-aware sliding-window with key-

value caching and noise conditioning augmentation to mitigate drift. Our experiments demonstrate
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that CausNVS supports a broad range of camera trajectories, enables flexible autoregressive novel
view synthesis, and achieves consistently strong visual quality across diverse settings. Project page:
https://kxhit.github.io/CausNVS.html. Work in this chapter was done during an in-

ternship at Google.

5.1 Introduction

World models [PHBB 24, AAB25, Lab24, RHB"25, AIM"24, VLLAF25] have emerged as a new
paradigm that equips agents with internal representations of their environments, enabling them to
understand, simulate, and interact with the world. A core capability of such models is spatial intel-
ligence [Dav18], the ability to perceive 3D structure, infer spatial relationships from sparse obser-
vations, and generate photorealistic, geometrically consistent views from novel poses. In interactive
or exploratory scenarios, this ability must operate sequentially and causally: as the agent moves
or receives new pose queries, the system should synthesize views based only on previously accu-
mulated information. This motivates the task of novel view synthesis (NVS), where the goal is to
predict unseen views given a sparse set of posed inputs. Recent advances in multi-view diffusion
models [WSL"24, GHH" 24, ZGV 25, YAAF"24] have significantly improved NVS performance
by incorporating large-scale pretrained 2D generative priors. However, these models are inherently
non-causal, as they assume all target poses are known in advance and generate them simultaneously.
This limits their ability to adapt to new queries that arrive in a streaming fashion, where future queries

are fundamentally unknown.

An appealing solution is therefore to adopt a causal formulation of NVS, where views are gener-
ated autoregressively, each conditioned only on previously observed inputs and synthesized outputs.
However, introducing causality into multi-view diffusion models poses two key challenges: (1) Au-
toregressive Drift. This arises from the mismatch between training and inference. The model learns
from clean ground-truth views during training but must rely on its own imperfect autoregressive out-
puts at inference time, causing errors to accumulate and degrade future predictions. (2) KV Caching

Incompatibility. A key advantage of autoregressive models lies in efficient inference through KV
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caching [LLag23], which enables the reuse of attention computations from previously generated views.
However, most existing NVS models [GHH 24, WSL"24, ZGV*25] rely on absolute pose encod-
ings, such as Pliicker rays [SZW 19], that are tied to a global coordinate system. When the reference
frame shifts (i.e., the global coordinate changes), the cached attention results become invalid and
must be recomputed. Alternatively, keeping the reference frame fixed avoids recomputation, but over
long rollouts, the absolute pose values grow progressively larger, eventually drifting out of training

distribution, leading to a noticeable drop in generation quality.

Building on these insights, we propose CausNVS, an autoregressive multi-view diffusion model for
flexible and scalable novel view synthesis. The core idea is to introduce a framewise attention layer
with causal masking on top of a pretrained 2D diffusion backbone. Unlike non-causal models, our
formulation enables autoregressive generation and inherently supports arbitrary input-output view

configuration within a single training pass, substantially improving training efficiency.

To mitigate autoregressive drift, we apply per-frame noise conditioning during training [CMMD " 24],
which encourages the model to learn from uncertain or imperfect contexts rather than relying solely on
clean ground-truth inputs. At inference time, this enables noise conditioning augmentation [HSC 22,
VLAF25], where we can assign a small noise level to previously generated views, allowing the model
to treat them as noisy inputs. This stabilizes subsequent predictions and improves robustness to

accumulated errors.

To enable efficient autoregressive inference with KV caching, we adopt CaPE [KLL"24], a relative
pose encoding that captures pairwise camera relationships independently of global coordinates. This
design ensures that cached attention remains valid as the viewing window shifts, allowing for efficient

sliding-window inference without recomputation or cache invalidation.

Experimental evaluation shows that CausNVS achieves consistently strong visual quality on stan-
dard fixed-view benchmarks and outperforms SoTA large-scale baselines in flexible NVS settings.
It further supports stable autoregressive rollouts up to 10x longer than those seen during training,
demonstrating strong generalization and applicability to real-time, streaming, and open-ended view

synthesis scenarios.
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5.2 Related Work

Multi-view Diffusion Models Most multi-view diffusion models [GHH 24, WGP 25, WSL 24,
WYW 24, TLK"23, YAAF 24, YFDB23] operate under a fixed-view setting, where the total num-
ber of views is fixed and typically consists of one or two input views along with a predefined set
of target cameras. All target views are jointly denoised to enforce cross-view consistency. Some
methods [SCL 25, YXY "25] further enhance geometric consistency by incorporating explicit scene
geometry, such as depth maps or point cloud projections, as additional guidance. These approaches
usually require extra geometry estimation pipelines [WLC*24] and tend to degrade when there are
large pose differences between input and target views. Another line of work enhances 3D represen-
tations by leveraging pretrained image or video priors [LLZH24, TRZ 24, PJBM23], for instance by
refining NeRF [MST"20a] or 3D Gaussian Splatting [KKL.D23]. These approaches typically rely
on computationally expensive iterative optimization. To support fast inference, recent feedforward
models [CXZ 124, CZX 24, XPW 25, JJIT"25] directly regress novel views using transformers, but
they often struggle to generalize to sparse or distant viewpoints due to the lack of generative modeling

capacity.

To support more flexible view configurations, a concurrent approach, SEVA [ZGV "25], proposes
a two-stage pipeline that clusters target views, generates anchor frames, and interpolates interme-
diate views using two separate diffusion models. While more adaptive than fixed-view baselines,
SEVA relies on full trajectory preprocessing and handles variable-length inputs via view anchoring
and padding. As a result, it still operates on fixed-size input—output tuples during inference, limiting

its suitability for online or streaming scenarios.

Autoregressive Diffusion Models The use of an autoregressive formulation also aligns with recent
advances in diffusion models for temporal domains. These models are well-suited to progressive
or streaming generation where the output must be produced frame-by-frame rather than all at once.
MAGI-1 [TJS25] applies chunk-wise autoregressive denoising to videos, enabling long-horizon syn-
thesis with prompt control. Diffusion Forcing [CMMD " 24] introduces soft noise-level masks to unify

autoregressive and parallel modes, while CausVid [YZZ"25] distills bidirectional video models into
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causal students for low-latency autoregressive rollout. However, these approaches operate in the time

domain and do not address geometric conditioning or spatial view dependencies.

More recently, works such as Game-n-Gen [VLAF25] and Genie2 [PHBB " 24] explore autoregressive
generation in interactive or physically grounded environments. While closer to NVS in spirit, these
methods model actions or control signals rather than camera poses. Physical dynamics such as col-
lisions, acceleration, or other environment-induced effects prevent these actions from being reliably

translated into spatial trajectories, making them difficult for direct geometric view conditioning.

3D Spatial Memory and Camera Pose Encoding As autoregressive view generation scales to
longer sequences, two complementary capabilities become essential: spatial memory to retain what
was there over time, and pose conditioning to synthesize what is there in each frame. The former
supports long-horizon consistency, while the latter enables geometric alignment across views. This
connects to recent progress in world models, which aim to synthesize coherent environments over
extended horizons [AAB"25, PHBB 24, AIM 24, VLAF25]. However, many such models lack
explicit 3D pose grounding or struggle with maintaining spatial consistency due to limited context
size. To address this, several works [WA24, WZH 25, XI.Z"25] have proposed memory mechanisms
for 3D-aware generation, often based on specialized state-space models [HS97] or external memory

banks.

Meanwhile, pose conditioning has advanced for more generalizable view synthesis and precise cam-
era control. Traditional absolute encodings, such as Pliicker rays [SZW19] or direct raw extrin-
sics [LWVH 23, WYW 24, HXG"25], are tied to global coordinates and often overfit to specific
view settings. EscherNet [KLLLL"24] addresses this by introducing Camera Pose Encoding (CaPE),
a relative pose representation that enables more flexible input—output view configurations without
retraining. While CaPE introduces a more generalizable representation, integrating spatial memory
with pose-aware conditioning remains underexplored. Our work extends this direction by leverag-
ing KV caching and pose-aware sliding-window attention to form a transformer-native memory that

supports spatially consistent generation in streaming and variable-view settings.
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5.3 CausNVS: Causal Diffusion Model for Novel View Synthesis

We start with a brief formulation of the autoregressive novel view synthesis (NVS) task. Given
a set of N possibly discontinuous posed input views {(x1,p1),..., (xxn,py)} and a sequence of
M target camera poses {Pyi1,.-.,P~N+m}> Where x; is an RGB image and p; is the correspond-
ing camera pose (extrinsics and intrinsics), the goal is to generate the corresponding target views
{ZNyi1,..., 2N} Unlike the non-autoregressive setting, where all target poses are specified in
advance, the autoregressive setting assumes that target poses may arrive sequentially during infer-
ence, and thus future poses remain unknown. Consequently, each target view a; must be synthesized

sequentially conditioned only on the input views and the previously generated frames.

5.3.1 Training Objective

CausNVS formulates a latent diffusion model [HJA20, RBL"22] well-suited for the above problem
setup as follows: Let F' = N + M denote the total number of frames in each training sequence. Each
frame x;,7 = 1, ..., F, is encoded into a latent z; using a pretrained VAE encoder [RBL"22] and we
define the corresponding view as v; = (2, p;), where z!* denotes the latent z; at noise level ¢; and
p; represents camera poses. Here, we sample random independent noise levels ¢; for each frame and
encode them [CMMD " 24]. This allows the model to learn denoising conditioned on partially noisy

views, reducing the training-inference gap during autoregressive generation.

Further, to ensure each frame is conditioned only on past information, causal masking is applied
across spatial view tokens in frame-wise attention, similar to Diffusion Forcing [CMMD™"24] but
within a UNet transformer architecture rather than a recurrent network. Under this setting, the model
€y is trained o predict the noise €; added to each latent z;, conditioned on its causal context v_;.

Mathematically, the training objective is:

F
Ecausal - E{(mi,pi),ti,ei}le Z HéH(U’L’Iv<Z) - eZHg (5'1)

i=1

where €; ~ N(0,1). This setup offers a key advantage: the model effectively learns a wide range
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Figure 5.2: Causal Multi-view Diffusion Pipeline. Each view is tokenized with its camera pose and noise level, and processed with frame-wise
self-attention, causal masking, and CaPE. At inference time, given a variable number of conditioning views, the model performs autoregressive
denoising using KV caching with spatial attention window.
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of input-target view configurations within a single training pass thanks to teacher forcing [WZ89].
Consequently, it generalizes not only to arbitrary N-to-) view predictions without requiring sep-
arate training or padding, similarly to contemporary language models, but also to varying levels of
noise conditioning due to training with per-frame noise. In contrast to prior approaches [WSL 24,
ZGV*125, GHH 24, CNC'23, SLS*24], which typically apply bidirectional denoising with shared
noise levels across target views, our causal formulation with independently sampled noise allows
more flexible conditioning and autoregressive generation. This also mitigates trajectory-induced bi-
ases (e.g., in 4DiM [WSL"24], roads tend to align with the camera path) and reduces over-reliance

on the overall trajectory shape.

5.3.2 Random Per-frame Noise Conditioning

In contrast to prior video or multi-view diffusion models [BRL."23, WSL 24, GHH" 24, KLL." 24,
7ZGV"25] that apply a uniform noise level across all frames, our independent frame-wise noise en-
sures that, at inference time, conditioning on previous views with lower noise remains in-distribution
even if the current frame is sampled at a higher noise level. To further improve robustness during
long rollouts, we can optionally apply noise conditioning augmentation by setting small noise lev-
els for previously generated frames, which reflects their uncertainty and helps the model reweight
context and correct flawed predictions. Moreover, unlike sequential scheduled noise in Diffusion
Forcing [CMMD*24], which assumes continuous temporal or viewpoint ordering, our setup supports
arbitrary query pose orderings, a key requirement for novel view synthesis where target views may

not follow a regular or continuous trajectory.

5.3.3 Relative Camera Pose Encoding (CaPE)

To leverage large-scale pre-trained image priors, we finetune a text-to-image UNet diffusion back-
bone similar to LDM [RBL"22] by inserting additional frame-wise attention layers into each atten-
tion block, as illustrated in Fig. 5.2. In these layers, we apply CaPE[KLL "24] to the query and key

projections, encoding view-to-view geometry in a coordinate-invariant and scalable manner. Unlike
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Figure 5.3: CaPE Attention Score Analysis. We analyze how attention responds to relative pose
changes by initializing queries and keys randomly, and varying rotation or translation separately. With
CaPE, attention scores change periodically with rotation and linearly with translation, indicating an
SE(3)-aware inductive bias. Without CaPE, attention remains invariant to pose changes.

absolute pose encodings, such as Pliicker rays [SZW19, GHH24, WSL"24] and extrinsics injec-
tion [LWVH 23, HXG"25], which are tied to global coordinates and introduce extra learnable pa-

rameters, CaPE encodes only relative pose relationships, defined as:

P if key,
m(v,P)=¢P)v, ¢P)=15.0¥, V= (5.2)

P-T if query,

where v € R? is the feature vector of a view, serving as a query or key token in attention, and P is the
corresponding camera pose. ¢(P) € R?*? is a block-diagonal matrix constructed by tiling the 4 x 4

camera pose matrix .

Similar to RoPE [SLP"21], CaPE operates by rotating the query and key vectors in the attention
computation without adding any parameters. This formulation ensures that attention scores are in-
variant to global coordinate changes, which is critical for causal attention and KV caching reuse in
flexible NVS. In contrast, absolute pose encodings can only reuse the cache if the reference frame
is preserved throughout generation; dropping it or shifting the reference would alter all subsequent
pose encodings and require recomputation. As trajectories become longer, the corresponding absolute
coordinates also grow larger and often exceed the normalized bounds seen during training, leading
to out-of-distribution behavior. By encoding only relative pose relationships, CaPE eliminates this
dependency on a fixed reference frame, allowing frames to be dropped or cached in a sliding-window

manner and enabling scalable autoregressive generation with arbitrary query orderings.

Additionally, we observe that CaPE induces attention scores that vary cyclically with 360° camera
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Input (DL3DV, N=3) Target Ours Baseline Input (Re10K, N=1) Target ours Baseline
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Figure 5.4: Novel View Synthesis Results. Visual comparison of our method and baseline models
across diverse scenes and camera trajectories with input images from the DL3DV, RealEstate10K,
and LLFF datasets. Each example shows the input views (/V), the ground-truth target, our prediction,
and a baseline result. While most baselines generate target views concurrently, our model generates
them autoregressively.

rotations and linearly with translation differences, providing a strong inductive bias for 3D spatial-
aware attention, as shown in Fig. 5.3. To analyze this behavior, we examine a single attention layer
by randomly initializing the query and key vectors, keeping them fixed across comparisons, and

computing the pre-softmax attention scores.

5.3.4 KYV Caching as Spatial Memory

To enable scalable inference across long view sequences, we adopt a lightweight KV caching [Lag23]
design tailored for diffusion models. A key distinction in our diffusion settings is that KV caching
is required only in frame-wise attention layers, and writing to the KV cache is only necessary in the
last denoising step (or the noise-augmented conditioning step), rather than across all denoising steps.
This is enabled by our per-frame noise training, which supports conditioning at arbitrary noise levels
during inference. In contrast, traditional video diffusion models use bidirectional attention and jointly

denoise target frames, making KV caching incompatible. To further reduce attention overhead and
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Method Dataset RelOK LLFF DL3DV - Long (Short)

N 1 2 4 1 3 1 3 6
Feed-forward
MVSplat [CXZ124] 2042 - - 11.23 12.50 - - 14.34
DepthSplat [XPW " 25] 2090 - - 12.07 12.62 9.63 12.52 15.72
Generative
PNVS [YFDB23] 16.07 - - 12.04 - - - -
MotionCtrl [WYW*24] 12.74 - - 9.72 - - - -
4DiM [WSL*24] 17.08 — - 11.58 - - - -
ViewCrafter [YXY 725] 20.43 — - 10.53 13.52 8.97 11.50 13.78
SEVA [ZGV125] 12.37 16.71 19.70 14.03 19.48 13.01 15.95 17.80
CausNVS(Ours) 16.94 2090 21.22 16.53 16.85 12.86(13.29) 14.42(18.32) 15.22(18.75)

Table 5.1: Novel View Synthesis Benchmark (PSNRT). Most baselines are designed for single-
view or fixed-view conditioning and generate all target views concurrently. In contrast, our model,
trained with a fixed sequence length F' = 8, supports flexible input configurations and autoregressive
generation. Despite the shorter training horizon, it achieves competitive performance across diverse
datasets and view counts, while maintaining stable quality over long generation rollouts. Note: SEVA
results on RelOK are obtained using the official open-source implementation.

preserve relevance, we apply a pose-aware sliding window that restricts attention to the top- A nearest
views in pose space. This is possible because we train with randomized view sets, ensuring the model
learns to operate under arbitrary view orderings. Together, these choices yield an implicit and efficient
3D spatial memory within the transformer: each generated view can access the most geometrically
relevant prior content without recomputation. Unlike external memory systems [WZH 25, X1.Z25]
that rely on separate memory buffers and explicit, lossy updates over long sequences, our cache is

integrated into transformer with minimal overhead.

5.4 Experiments

We finetune our CausNVS model from a latent diffusion model similar to [RBL"22], following prior
multi-view diffusion work [GHH 24, KLLLL"24]. The architecture adopts a UNet with 3 downsam-
pling blocks, 1 middle block, and 3 upsampling blocks, operating in the VAE latent space where
the spatial resolution is reduced from 256 x 256 to 32 x 32. To support autoregressive multi-view
generation, we insert frame-wise attention layers in the attention blocks with causal masking. Due
to computational constraints, these layers are added only to the deeper attention blocks at resolutions

16 x 16 and 8 x 8. These layers are zero-initialized (weights to identity, biases to zero) to preserve
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Figure 5.5: Novel View Synthesis on Diverse Customized Trajectories. CausNVS generalizes to
diverse camera motions, including trajectories that return back, showcasing the spatial consistency.

the pretrained prior at initialization. The model has 915M parameters and is trained for 150,000 steps
with a batch size of 128 on 16 TPU v5e chips. We use the Adam optimizer with a learning rate of
le-4 and apply a 1,000-step linear warmup. An exponential moving average (EMA) with a decay rate

of 0.9999 is maintained throughout training. We train CausNVS on two public scene-level datasets
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with camera pose annotations: RealEstate]10K [ZTF" 18] and DL3DV [LST"24]. For each training
instance, a sequence of /'=8 frames is randomly sampled from a single scene, where the selected

frames may be non-contiguous.

We evaluate our method on novel view synthesis tasks across a wide range of flexible input views
N €{1,2,3,4,6} and output views M € [1,80], demonstrating the ability of our model to generalize
across arbitrary N-to-M synthesis settings with a single trained model. We conduct evaluation fol-
lowing the public SEVA benchmark [ZGV"25] settings across Re10K [ZTF* 18], LLFF [MSOC™"19],
and DL3DV [LST"24] datasets, with various number of views. We compare CausNVS to strong base-
lines, including generative models: SEVA [ZGV25], MotionCtrl [WYW 24], 4DiM [WSL"24],
ViewCrafter [YXY "25], PNVS [YFDB23], and feed-forward models: MVSplat [CXZ " 24], Depth-
Splat [XPW25]. Among them, SEVA (1.5B) is first trained with a batch size of 1472 for F'=8, and
then further trained with a batch size of 512 for F'=21, using a diverse mixture of object- and scene-
level datasets at significantly larger scale. 4DiM is jointly trained on 3D scenes and 30 million video
samples, benefiting from additional temporal supervision. ViewCrafter incorporates explicit point
cloud reprojection as pose guidance, supported by a 3D foundation model [WLC"24]. In contrast,
our model is trained with only 20K scene-level samples at a much smaller scale, while still supporting

flexible N-to-M view synthesis with strong performance.

Further, in Sec. 5.4.2, we ablate the autoregressive component of CausN'VS against non-autoregressive
variants, highlighting the advantages of our framework in flexible N-to-M novel view synthesis with
unified single-model training, as well as the efficiency and 3D consistency under novel trajectories

enabled by spatial attention windows with KV caching as spatial memory.

5.4.1 Novel View Synthesis Results

Novel View Synthesis Benchmark As shown in Tab. 5.1 and Fig. 5.4, CausNVS achieves competi-
tive performance across diverse scenes and improves consistently with more input views in the SEVA
benchmark [ZGV25]. CausNVS generates views autoregressively and supports flexible N-to-M

synthesis within a single unified model, while all other baselines need to generate novel views simul-
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Rel0K PSNR 1 SSIM 1 LPIPS |

N 1 2 4 1 2 4 1 2 4
4DIM 17.08 - - 0463 - - 0302 - -
SEVA 1237 16.71 19.70 0.469 0.590 0.673 0.577 0.346 0.221

CausNVS(Ours) 1694 2090 21.22 0.466 0.690 0.718 0.279 0.119 0.095

LLFF PSNR 1 SSIM 1 LPIPS |
N 1 3 1 3 1 3
4DiM 11.58 - 0.141 - 0.542 -
SEVA 14.03 19.48 0.384 0.602 0.389 0.181

CausNVS(Ours) 16.53 16.85 0.272 0.336 0.336 0.222

Table 5.2: Novel view synthesis metrics on Rel0K and LLFF. Note: SEVA results on Re10K are
obtained by running the official public code. No scale sweeping is applied at N=1.

taneously with fixed view counts. CausNVS maintains consistent visual quality across varying inputs

and wide pose differences, where baseline results often exhibit blur or distortion. We provide more

metrics (SSIM, LPIPS) for novel view synthesis evaluation across main baselines (4DiM, SEVA) in

Tab. 5.2 and more visualization:

* Customized Pose Trajectories (Fig. 5.5): CausNVS generates consistent and coherent outputs

under diverse camera motion patterns such as forward/backward motion, rotations and circular

pans trajectories.

 Effect of Increasing Input Views on DL3DV (Fig. 5.7-5.8): We observe clear benefits from

more input views, yielding results that are more 3D-consistent and semantically faithful to

observations.

* Comparisons on Rel0K with Baselines (Fig. 5.9-5.10): CausNVS achieves superior pose

control and scene consistency compared to strong baselines.

Feed-forward methods MV Splat [CXZ"24] and DepthSplat [XPW *25] perform well when the input

views are densely sampled with small baselines, but their performance deteriorates significantly under

wide view gaps. Due to the lack of generative capability, they typically fail to extrapolate novel views

beyond the observed ones. Generative models [YFDB23, WYW 24, WSL 124, YXY 25, ZGV "25]
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often assume a fixed single-view input and struggle with variable-length configurations. Methods like
4DiM [WSL " 24] address this limitation via multi-view fine-tuning, but at the cost of additional train-
ing overhead. ViewCrafter [YXY "25] incorporates an explicit 3D point cloud estimator as geometric
guidance, yet its performance degrades when the target view is far from the inputs. SEVA [ZGV 25],
developed concurrently with our work, supports varying numbers of input views but still assumes
fixed-size input-output pairs. It relies on ad hoc heuristics such as view anchoring, chunking, and
padding, combined with multiple forward passes, to approximate variable-length conditioning. In
contrast, our causal model supports autoregressive generation with arbitrary numbers of input views,

without requiring retraining, architectural modifications, or complex sampling strategies at inference.

Single View Scale Ambiguity Scale ambiguity remains a fundamental challenge in single-view
novel view synthesis. Some baselines address this via scale sweeping: 4DiM [WSL24] uses pre-
processed depth estimates to recover metric scale, while SEVA [ZGV 725] normalizes camera scale
by sweeping from 0.1 to 2.0 and selecting the best-performing result per scene. For example, SEVA’s
PSNR on RelOK improves from 12.37 to 17.99 when using sweeping. However, we intentionally
avoid such scale tuning during inference. First, sweeping requires access to ground truth to select the
optimal scale, which limits generalization and realism. Second, our method is designed for flexible
N-to-M view synthesis in generative 3D settings, where single-view is an ambiguous special case
rather than the primary focus. Third, we prioritize keeping the inference pipeline simple and con-
sistent across varying input conditions, without hand-tuned parameters. Despite not relying on scale
sweeping, our model performs competitively in the single-view setting and consistently improves as

more views are provided, effectively resolving scale ambiguity via multi-view cues.

Autoregressive Generation Drift To evaluate the stability of our autoregressive rollout, we report
results on both the short and long sequence splits of DL3DV, while keeping the input views fixed. The
short sequence is a random subset of the long one, covering the same spatial region but with fewer
target views. This setup enables us to isolate the effect of autoregressive drift from different input
views. As shown in Tab. 5.1, performance on short sequences consistently improves with more input

views. On long sequences, where the number of target views M ranges from 4x to 10X the training
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Model Infer N/F 2 4 8 32 64
1 16.56 / — 17.25/81.25 18.08 /95.83 17.44/99.79 16.98 /99.38
Causal AR 2 - 19.52/93.75 20.40/93.75 21.10/99.78 19.31/99.49
4 - - 23.27/91.67 24.55/100.0  23.35/99.89
16 — - - 28.13/100.0  27.64/99.87
1 ‘9.84/—‘ 13.15/34.38 17.52/92.71 19.27/100.0 18.15/100.0
Parallel 2 - 18.38/53.33 20.61/97.50 21.86/100.0  21.42/99.90
Non- 4 - - 23.97/93.75 25.12/100.0  24.29/100.0
Causal 16 - - - 28.56/99.17 27.64 /99.47
AR 2 - - 13.62/86.77 - -

Table 5.3: N-to-M Novel View Synthesis Ablation (PSNR1 / TSED?). AR denotes autoregressive
inference, and Parallel denotes concurrent inference. We evaluate causal and non-causal models with
varying numbers of input views /N and total frames /' on the Re10K validation set. The causal model
maintains consistent performance across different configurations with stable autoregressive rollout.
In contrast, the non-causal model performs poorly when the evaluation sequence is shorter than its
training setup, even under parallel denoising, and quickly drifts when used autoregressively.

length (' = 8), our model exhibits some degradation compared to the short case, reflecting the
inherent challenges of long-context generation. However, it remains competitive with most baselines.
SEVA benefits significantly from its longer training sequence length (/' = 21) and parallel decoding.

We believe scaling to longer sequences would further improve long-context performance.

5.4.2 Autoregressive v.s. Non-autoregressive

N-to-)M Novel View Synthesis Ablation We conduct ablation studies on RealEstate 10K [ZTF 18]
dataset, comparing our CausNVS model to a model trained identically albeit removing causality, fol-
lowing established protocols [WSL 24, GHH 24, ZGV"25]. Both models share the same architec-
ture and training configuration to ensure a fair comparison. We evaluate using two complementary
metrics: PSNR, reflecting image quality, and TSED [YFDB23, WSL"24], a 3D structural align-
ment measurement between generated and ground-truth views, using a threshold of 2. As shown
in Tab. 5.3, the causal model generalizes reliably from a single view to 8x training length, and
improves consistently with more input views. In comparison, the non-causal model performs well
only under conditions close to its training setup and degrades significantly when evaluated with
different sequence lengths. In the one-to-one generation case shown in Fig. 5.6, it produces un-

stable results and exhibits drift across frames. This is consistent with observations from previous
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(b) Autoregressive Generation (c) Flexible Attention Window Size

Figure 5.6: Examples of Key Properties of CausNVS. Through qualitative examples, we demon-
strate key properties of CausNVS compared to non-causal baselines. (a) Although trained with a fixed
sequence length F', causal masking enables supervision for all sequence lengths up to F'. This leads
to robust generalization, including 1-to-1 settings where non-causal models often fail. (b) Under au-
toregressive rollout, our model maintains visual stability, while the non-causal baseline quickly drifts
and produces blurry results. (c) CausNVS supports a configurable attention window size at inference
time. With window size 1, attention is limited to input views, leading to inconsistency across gener-
ated frames. With window size 4, CausNVS already achieves comparable results to full attention at a
fraction of the inference FLOPS.

work [GHH 24, KLLLL" 24, ZGV25], which report that non-causal models often require jointly de-
noising multiple padded frames to stabilize outputs. Such strategies introduce redundant computation

and limit flexibility at inference time.

Spatial Attention Window and Memory CausNVS supports a flexible spatial attention window
that dynamically selects relevant views at inference time, enabling efficient context aggregation with-
out incurring full attention cost. This pose-aware sliding strategy ensures broad spatial coverage even
under limited attention window, and achieves results comparable to global attention with significantly
reduced FLOPS (Fig. 5.6¢). By combining this with lightweight KV caching, CausNVS retains infor-
mation from previously generated views without recomputation, allowing context to persist implicitly

across frames.

We further demonstrate in Fig. 5.5 that this mechanism enables CausNVS to maintain spatial con-
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sistency under diverse, user-defined camera trajectories, including those with revisited views. Each
generated view can retrieve geometrically relevant prior content, preserving both structure and appear-
ance across varying and revisited viewpoints. In practice, this combination of spatial windowing and
KV caching serves as an implicit and efficient spatial memory, ensuring coherence across arbitrary

camera motions.

5.5 Conclusion

We have presented CausNVS, a causal multi-view diffusion model that supports autoregressive gen-
eration with flexible numbers of input and output views. The model is designed with causal masking,
noise-level conditioning, and relative pose encoding (CaPE) embedded within a unified decoder-only
architecture. This design supports efficient pose-aware spatial memory and KV caching at inference
time, enabling robust and efficient novel view synthesis suitable for streaming and interactive appli-

cations such as AR/VR, world modeling, and generative content creation.

Limitations and Future Directions While effective, our model relies on multi-step denoising, lim-
iting its real-time applicability [SME21]. Future work could explore faster generation via consis-
tency training [SDCS23] or distillation [YZZ 25, XXK 24, SLBR24]. Scaling to longer sequence
and more diverse datasets (e.g., objects, videos) would improve generalization with stronger pri-
ors [WSL"24, WGP"25, ZGV'25]. Additionally, integrating audio, language, and action signals
into the model could lead toward fully multimodal [Tea24, ZYB*25, XMB*25, KPK"24] world

models with spatial grounding and controllable rollout in complex environments.

Broader Impacts Our method may benefit applications in AR/VR, world modeling, and 3D content
creation, but it also carries potential risks such as misuse in synthetic media or simulation bias. We

advocate responsible model release and transparent benchmarks to support safe deployment.



110 Chapter 5. CausNVS: Autoregressive Multi-view Diffusion for 3D View Synthesis

AN N AN 7
ﬂ, % ‘"7 ‘.h>q AL 11'1 "wu \M.‘\\ 74

) - S

(

'H»T;sﬁ

&\

N3F8

% '."\

A LN
7 fin""m “\f\\

N4F8

N3F8 N2F8 N1F8 Ground Truth

N4F8

Figure 5.8: Novel View Synthesis on DL3DV with Increasing Input Views. [Part 2]
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Figure 5.9: Novel View Synthesis on Re10K Compared with Baselines. [Part 1]
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Figure 5.10: Novel View Synthesis on Re10K Compared with Baselines. [Part 2]



Chapter 6

Conclusions and Future Work

This thesis presents a coherent progression of methods for learning neural 3D scene representations
and synthesising novel views from posed images. Starting from scene-specific object-level mapping,
and advancing through generalisable multi-view synthesis, to fully autoregressive scene-level genera-
tion, each chapter addresses a key challenge in scaling 3D perception and generation to more flexible,
efficient, and real-world-ready systems. Together, the three core contributions form a unified frame-
work for learning to perceive, represent, and generate 3D scenes using neural networks and diffusion

models.

6.1 Summary of Contributions

Chapter 3 introduces VMAP, a real-time dense SLAM system that models each object in a scene with
a compact and independent MLP-based neural field. Unlike prior methods that rely on monolithic
scene representations or 3D shape priors, VMAP enables per-object modelling with watertight recon-
struction, achieved without any prior shape knowledge. Through vectorised training, it can optimise
dozens of objects simultaneously on a single GPU, achieving both efficiency and flexibility. The
model supports recomposition, dynamic updates, and tracking, making it suitable for robotics and

interactive spatial applications.

112
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Chapter 4 focuses on generalisation across scenes, proposing EscherNet, a multi-view conditioned
diffusion model for novel view synthesis. EscherNet decouples 3D representation from global coor-
dinates and scene-specific optimisations. It operates entirely in image space and learns to reason about
geometry from relative camera transformations using Camera Positional Embedding (CaPE). Despite
being trained on a fixed number of views, it generalises to arbitrary input and output view configu-
rations and achieves state-of-the-art performance across novel view synthesis and 3D reconstruction
benchmarks. EscherNet demonstrates the effectiveness of large-scale pretraining for learning implicit

3D priors.

In Chapter 5, we propose CausNVS, an autoregressive multi-view diffusion model designed for open-
ended and streaming scenarios. CausN'VS uses causal masking across view tokens to support variable-
length input and output view sequences, while key-value caching and relative pose-aware attention
provide scalable spatial memory. During inference, the model generates novel views sequentially,
reusing attention states for efficiency. It can roll out long view sequences with high geometric con-
sistency and robustness, enabling interactive applications such as real-time scene exploration, world

models, and generative simulation.

6.2 Future Work

Scalable 3D Representation A key challenge ahead lies in designing 3D representations that bal-
ance geometric expressiveness with scalability. While neural fields offer rich geometry, they require
dense supervision and are costly to optimise. Future work could explore representations such as neural
primitives [MBD24], feed-forward Gaussian splats [XPW 25, SZS 25, SMK25], or hybrid implicit-
explicit formats [SCP"23, ZYG'24] that can preserve multiview consistency and scale efficiently
with transformer-based architectures. These representations should support sparse input, learnable

priors, and rapid adaptation across scenes.

3D and 4D Foundation Models As vision-language models evolve into general-purpose founda-

tion models, a parallel opportunity emerges in the domain of 3D and 4D spatial understanding. Recent
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works such as DUST3R, MAST3R, and VGGT [WLC 24, LCR24, WCK'25] have shown strong
performance in pose estimation and 3D reconstruction using dense point maps as supervision. In
parallel, another line of research [JJT*25, GHH 24, WGP 25], including our own, explores novel

view synthesis from posed images.

A promising future direction is to develop large-scale spatial foundation models that unify multiple 3D
tasks—including pose estimation, reconstruction, and view synthesis—within a single architecture.
These models can be trained with multiview self-supervised learning objectives such as masked view
prediction [HCX 22, WLL"22, WLL"23, WMK"25], enabling a gradual transition from strongly
supervised signals like depth and point correspondences to weaker but more scalable supervision,
such as posed images or even raw videos [JTW25]. By leveraging large-scale multiview and video
datasets, such models could serve as general-purpose spatial priors, transferable across a wide range

of downstream 3D and 4D tasks.

SE(3)-Equivariant Positional Encoding Transformer models for 3D tasks benefit significantly
from positional encodings that capture the geometric structure of Euclidean space. While our pro-
posed CaPE [KLL"24] introduces a relative, camera-aware encoding scheme that improves view
consistency and flexibility, there remains substantial room for further exploration of SE(3)-equivariant

mechanisms that provide stronger geometric inductive bias in attention.

In the language domain, LLMs leverage rotary positional embeddings (RoPE) [SLP*21] to support
stable attention across extremely long contexts, with effective window sizes exceeding 100k tokens.
In contrast, 3D vision models often adopt absolute position encodings such as Pliicker ray embed-
dings, which are tied to a global coordinate frame and struggle to generalise across larger or shifting

spatial domains.

Future research may explore extending rotary-style embeddings to 3D settings, enabling spatially
aware attention that respects relative pose transformations [KLL 24, MJWG24]. Incorporating in-
trinsic camera parameters [LLYL"25] into the encoding may further enhance generalisation across
diverse view geometries and scene configurations, contributing to more robust and scalable 3D trans-

formers.
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Spatial Memory and Continual Learning As models begin to operate over long sequences and
dynamic environments, effective memory becomes essential. Traditional recurrent memory modules
like LSTMs [HS97] compress past information into abstract hidden states but are often inefficient
and unstable. A promising alternative is to adapt cache-based [TDBM?22] or retrieval-augmented
generation (RAG) [LPP"20] from language models to 3D vision, allowing the model to selectively
access prior views or scene elements based on spatial context [CYZ25]. Research is also needed to
enable continual learning, where models can accumulate knowledge across time without forgetting

previously learned structures.

Real-time Generative Reconstruction Diffusion models offer high-quality generation but remain
computationally expensive due to their iterative nature. Future work could investigate shortcut dif-
fusion models [FHLA25], flow-based generation [GDB"25], and adaptive denoising strategies that
reduce steps without sacrificing quality [CMMD™24]. For example, RGB view synthesis may re-
quire more denoising steps due to its high-frequency content, while depth or semantic maps may be
completed in fewer steps. Task-aware inference scheduling, consistency training, and efficient autore-

gressive caching [KWS™*25, HLH"25] can bring diffusion models closer to real-time deployment.

From Spatial AI to Embodied AI A key future direction is to bridge the gap between spatial Al
and embodied Al, enabling agents to perceive, reason, and act in the physical world. Current end-to-
end embodied systems often rely on fine-tuning large 2D vision-language models (VLM) for action
prediction (VLA) [KPK 24, BBD 24, IBB"25], without incorporating explicit 3D spatial reasoning
or verification. However, spatial understanding serves as a crucial intermediate representation that

connects 2D perception and language with real-world physical interaction.

Developing robust 3D priors can significantly reduce the amount of data required in action space
by providing structured geometric knowledge and improving sample efficiency. This is particularly
important given that most existing behavior cloning and imitation learning approaches depend on
expensive, large-scale offline action datasets. By first grounding models in spatial understanding, and
then extending to visual-language-action learning, future systems may achieve more data-efficient,

generalisable, and reliable embodied intelligence.
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