DMV3D: DENOISING MULTI-VIEW DIFFUSION USING
3D LARGE RECONSTRUCTION MODEL
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ABSTRACT

We propose DMV3D, a novel 3D generation approach that uses a transformer-
based 3D large reconstruction model to denoise multi-view diffusion. Our
reconstruction model incorporates a triplane NeRF representation and can denoise
noisy multi-view images via NeRF reconstruction and rendering, achieving single-
stage 3D generation in ~30s on single A100 GPU. We train DMV3D on large-
scale multi-view image datasets of highly diverse objects using only image
reconstruction losses, without accessing 3D assets. We demonstrate state-of-
the-art results for the single-image reconstruction problem where probabilistic
modeling of unseen object parts is required for generating diverse reconstructions
with sharp textures. We also show high-quality text-to-3D generation results
outperforming previous 3D diffusion models. Our project website is at: https:
//justimyhxu.github.io/projects/dmv3d/.

1 INTRODUCTION

The advancements in 2D diffusion models (Ho et al., 2020; Song et al., 2020a; Rombach et al.,
2022a) have greatly simplified the image content creation process and revolutionized 2D design
workflows. Recently, diffusion models have also been extended to 3D asset creation in order
to reduce the manual workload involved for applications like VR, AR, robotics, and gaming.
In particular, many works have explored using pre-trained 2D diffusion models for generating
NeRFs (Mildenhall et al., 2020) with score distillation sampling (SDS) loss (Poole et al., 2022; Lin
et al., 2023a). However, SDS-based methods require long (often hours of) per-asset optimization
and can frequently lead to geometry artifacts, such as the multi-face Janus problem.

On the other hand, attempts to train 3D diffusion models have also been made to enable diverse
3D asset generation without time-consuming per-asset optimization (Nichol et al., 2022; Jun &
Nichol, 2023). These methods typically require access to ground-truth 3D models/point clouds for
training, which are hard to obtain for real images. Besides, the latent 3D diffusion approach (Jun
& Nichol, 2023) often leads to an unclean and hard-to-denoise latent space (Chen et al., 2023b) on
highly diverse category-free 3D datasets due to two-stage training, making high-quality rendering a
challenge. To circumvent this, single-stage models have been proposed (Anciukevicius et al., 2023;
Karnewar et al., 2023), but are mostly category-specific and focus on simple classes.

Our goal is to achieve fast, realistic, and generic 3D generation. To this end, we propose DMV3D,
a novel single-stage category-agnostic diffusion model that can generate 3D (triplane) NeRFs from
text or single-image input conditions via direct model inference. Our model allows for the generation
of diverse high-fidelity 3D objects within 30 seconds per asset (see Fig. 1). In particular, DMV3D
is a 2D multi-view image diffusion model that integrates 3D NeRF reconstruction and rendering
into its denoiser, trained without direct 3D supervision, in an end-to-end manner. This avoids both
separately training 3D NeRF encoders for latent-space diffusion (as in two-stage models) and tedious
per-asset optimization (as in SDS methods).

In essence, our approach uses a 3D reconstruction model as the 2D multi-view denoiser in a multi-
view diffusion framework. This is inspired by RenderDiffusion (Anciukevicius et al., 2023) —
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Figure 1: Top left: our approach achieves fast 3D generation (~30s on A100 GPU) from text or
single-image input; the latter one, combined with 2D segmentation methods (like SAM (Kirillov
et al., 2023)), can reconstruct objects segmented from natural images. Bottom: as a probabilistic
single-image-to-3D model, we can produce multiple reasonable 3D assets from the same image.
Top right: we demonstrate a scene comprising diverse 3D objects generated by our models.

achieving 3D generation through single-view diffusion. However, their single-view framework
relies on category-specific priors and canonical poses and thus cannot easily be scaled up to
generate arbitrary objects. In contrast, we consider a sparse set of four multi-view images that
surround an object, adequately describing a 3D object without strong self-occlusions. This design
choice is inspired by the observation that humans can easily imagine a complete 3D object from a
few surrounding views with little uncertainty. However, utilizing such inputs essentially requires
addressing the task of sparse-view 3D reconstruction — a long-standing problem and known to be
highly challenging even without noise in the inputs.

We address this by leveraging large transformer models that have been shown to be effective
and scalable in solving various challenging problems (Jun & Nichol, 2023; Nichol et al., 2022;
Hong et al., 2023; Brown et al., 2020; Shen et al., 2023). In particular, built upon the recent 3D
Large Reconstruction Model (LRM) (Hong et al., 2023), we introduce a novel model for joint
reconstruction and denoising. More specifically, our transformer model can, from a sparse set of
noisy multi-view images, reconstruct a clean (noise-free) NeRF model that allows for rendering
(denoised) images at arbitrary viewpoints. Our model is conditioned on the diffusion time step,
designed to handle any noise levels in the diffusion process. It can thus be directly plugged as the
multi-view image denoiser in an multi-view image diffusion framework.

We enable 3D generation conditioned on single images/texts. For image conditioning, we fix one of
the sparse views as the noise-free input and denoise other views, similar to 2D image inpainting (Xie
et al., 2023). We apply attention-based text conditioning and classifier-free guidance, commonly
used in 2D diffusion models, to enable text-to-3D generation. We train our model on large-scale
datasets consisting of both synthetic renderings from Objaverse (Deitke et al., 2023) and real
captures from MVImgNet (Yu et al., 2023) with only image-space supervision. Our model achieves
state-of-the-art results on single-image 3D reconstruction, outperforming prior SDS-based methods
and 3D diffusion models. We also demonstrate high-quality text-to-3D results outperforming
previous 3D diffusion models. In sum, our main contributions are:

* A novel single-stage diffusion framework that leverages multi-view 2D image diffusion
model to achieve 3D generation;

* An LRM-based multi-view denoiser that can reconstruct noise-free triplane NeRFs from
noisy multi-view images;

* A general probabilistic approach for high-quality text-to-3D generation and single-image
reconstruction that uses fast direct model inference (~30s on single A100 GPU).

Our work offers a novel perspective to address 3D generation tasks, which bridges 2D and 3D
generative models and unifies 3D reconstruction and generation. This opens up opportunities to
build a foundation model for tackling a variety of 3D vision and graphics problems.



