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Figure 1. Given an arbitrary number of input images, Bolt3D directly outputs a 3D representation which can be rendered at interactive
frame-rates. Operating in a feed-forward manner, generation takes mere seconds. Bolt3D features a latent diffusion model with a scalable
2D architecture, trained on large-scale appearance and geometry data, enabling generation of full 360° scenes from one or multiple input
images. We invite the reader to explore these scenes in the interactive viewer available on the project website.

Abstract

We present a latent diffusion model for fast feed-forward
3D scene generation. Given one or more images, our
model Bolt3D directly samples a 3D scene representation
in less than seven seconds on a single GPU. We achieve
this by leveraging powerful and scalable existing 2D dif-
fusion network architectures to produce consistent high-
fidelity 3D scene representations. To train this model, we
create a large-scale multiview-consistent dataset of 3D ge-
ometry and appearance by applying state-of-the-art dense
3D reconstruction techniques to existing multiview image
datasets. Compared to prior multiview generative models
that require per-scene optimization for 3D reconstruction,
Bolt3D reduces the inference cost by a factor of up to 300x.
Project website: szymanowiczs.github.io/bolt3d.

1. Introduction

Modern image and video generative models generate com-
pelling high-quality visual content, but these models sample
2D images, rather than an underlying 3D scene. The ability
to directly generate 3D content instead would enable nu-
merous applications, such as interactive visualization and
editing. However, scaling modern diffusion-based genera-
tive models to generate detailed 3D scenes remains a signif-
icant challenge for the research community, primarily due
to two reasons. First, representing and structuring (possibly
unbounded) 3D data to enable training a diffusion model
that generates full scenes at high resolution is an unsolved
problem. Second, “ground truth” 3D scenes are extremely
scarce compared to the abundant 2D image and video data
used to train state-of-the-art generative models. As a re-
sult, many recent 3D generative models are limited to syn-
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thetic objects [32, 77, 79, 92] or partial “forward-facing”
scenes [31, 74, 83, 84]. Models that scale to real, full 360°
scenes use camera-conditioned multiview or video diffusion
models to turn input image(s) into a large “dataset” of syn-
thetic observations [ 14, 38], from which an explicit 3D rep-
resentation (such as a neural [41] or 3D Gaussian [28] ra-
diance field) is then recovered via test-time optimization.
While this approach is capable of producing high-quality
3D content, it is impractical; both sampling hundreds of
augmented images with the multiview diffusion model and
optimizing a 3D representation to match these images are
slow and compute-intensive.

In this paper, we present a latent diffusion model for fast
feed-forward 3D scene generation from one or more im-
ages. Our model, called Bolt3D, leverages the tremendous
progress made in scalable 2D diffusion model architectures
to generate an explicit 3D scene representation. We rep-
resent 3D scenes as sets of 3D Gaussians, stored in mul-
tiple 2D grids in which each cell stores the parameters of
one pixel-aligned Gaussian [7, 61] (“Splatter Images” [61]).
Crucially, unlike prior work, we use more Splatter Images
than input views, and we generate Splatter Images using a
diffusion model, which enables generating content for un-
observed regions of the scene.

Our generation process consists of two parts: denoising
color and position of each Gaussian and subsequently re-
gressing each Gaussian’s opacity and shape. Given a set
of posed input images and target camera poses, our model
jointly predicts the scene appearance (pixel colors) viewed
by the target cameras as well as per-pixel 3D coordinates
of scene points in all cameras (both input and target). We
enable Bolt3D to predict accurate high-resolution per-pixel
3D geometry by designing and training a Geometry Vari-
ational Auto-Encoder (VAE [12]) that resembles architec-
tures used in image generation, but which we train from
scratch using geometry data.

Unlike 2D image datasets, real-world 3D scene datasets
are small and limited. To address this, we create a large-
scale geometry dataset by running a robust Structure-from-
Motion framework [29] on large-scale multi-view image
datasets. We use this new dataset to train our geometric
VAE and diffusion model.

Finally, to obtain a renderable 3D representation (which
3D point coordinates alone do not directly provide), we
train a Gaussian head network that takes the full set of high-
resolution images, geometry maps, and camera poses pre-
dicted by the denoising network as input and predicts the
remaining properties of 3D Gaussians (opacities, shapes),
and refined colors. The Gaussian head is supervised with
rendering losses, which enables our full model’s output to
render high-quality novel views.

We demonstrate that Bolt3D outperforms prior single-
and few-view feed-forward 3D regression methods and syn-

thesizes detailed 3D scene content, even in ambiguous re-
gions that are not observed in any input image. Further-
more, we show that Bolt3D reduces inference cost up to
300x compared to multi-view image generation methods,
which typically require per-scene optimization to recon-
struct 3D models.

2. Related work

Feed-forward 3D regression. Reconstructing a 3D scene
from an input image (or from multiple images) is some-
times formulated as a feed-forward regression problem [8,
13, 15, 16, 23, 30, 40, 50, 64, 66, 67, 71, 75, 82]. Most
relevant to us are recent approaches that output 3D Gaus-
sians [28], a representation favored for its real-time render-
ing speed. Splatter Image [61] and pixelSplat [7] were the
first to associate Gaussians with the pixels of one or two in-
put images, respectively. Follow-up works iterated on this
approach with improved architectures [63, 81, 91], depth
conditioning [62, 78], explicit feature matching [9], and re-
moving camera pose requirements [80, 94]. Although these
regression-based methods are capable of accurately recon-
structing observed regions, they tend to produce blurry re-
sults in unseen regions. In contrast, Bolt3D is a generative
approach and is thereby capable of generating unobserved
regions of the scene.

Reconstruction via 2D image generation. A common
paradigm for addressing ambiguity in few-view 3D re-
construction is to generate multiple views of the scene,
from which 3D can be recovered. Zero-1-to-3 [35] and
3DiM [73] did this for individual objects, and follow-up
work improved the conditioning and sampling mechanism
in a variety of ways [6, 17, 22, 52, 76, 85, 97]. Joint sam-
pling improves sample consistency, and can be achieved by
multi-view generators [14, 22, 24, 36, 56, 69, 95], or video
models [10, 18, 34, 38, 59, 68]. Alternatively, other meth-
ods have explored using estimated depth to improve geo-
metric consistency [24, 37, 43, 83, 84, 87] The outputs of
the generation process are 2D images, and reconstructing a
renderable 3D asset requires an optimization-based recon-
struction pipeline [28, 41]. This two-stage approach pro-
duces high-quality results, but requires minutes or hours
of optimization time for real-world scenes. Our approach
leverages a diffusion model to generate multiple views of
the scene, but in our approach the 3D scene is a direct out-
put from our model, so no optimization stage is required
and the cost of inference is therefore decreased by multiple
orders of magnitude.

3D Generation. Directly generating 3D representations
circumvents the limitations of the previous works, by com-
bining the ability of generative models to handle ambigu-
ity while avoiding a costly distillation/optimization stage.
Early diffusion-based models denoise a voxel grid that pa-
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Figure 2. Method. Bolt3D takes as input one or more posed, observed images, and a set of target poses (a), and outputs a renderable 3D
scene (e). First, we use a multi-view latent diffusion model to sample per-view latent appearance and geometry (b). The appearance and
geometry latents are independently decoded to full-resolution images and pointmaps (c) using a pre-trained image VAE decoder and our
trained geometry decoder, respectively. Next, a multi-view Gaussian head predicts the opacities and scales of pixel-aligned 3D Gaussians,
and refines the predicted colors. Together with the pointmap from (c), these values form Splatter Images [61] (d), which can be combined

to create a complete 3D Gaussian representation of the scene (e).

rameterizes a radiance field [42] and require 3D supervi-
sion. The difficulty in obtaining such 3D data motivated
the formulation of a denoising objective on 2D images
with a rendering bottleneck [1, 2, 60, 65], similar to early
GAN [25]-based works that directly output voxel grids [19],
radiance fields [44, 53, 86] or tri-planes [4, 5] using differ-
entiable rendering to directly train on 2D images. Follow-
up works improve the architecture [79] and the 3D repre-
sentation [32, 70], but such approaches have shown lim-
ited success beyond individual objects and small baseline
camera motion. Some more recent works [31, 54] ex-
ploit temporal locality to generate videos given camera tra-
jectories. A second body of work aims to directly learn
a ‘natively 3D’ latent space, showing remarkable success
on bounded objects [32, 39, 48, 77, 90, 92], but lagging
behind in quality when applied to 3D scenes with back-
grounds [26, 47, 55, 89] due to limitations of the autoen-
coder. We opt for a view-centric representation and analyze
the architecture and training recipe of the autoencoder to
achieve very high visual fidelity. Most similar to our work
is latentSplat [74] which learns a latent geometry represen-
tation similar to ours. However, latentSplat is limited to
single object categories, is only applicable to 2-view re-
construction and features a VAE-GAN framework. Our
model works on any object or scene, can take any number
of images as input and builds on a powerful latent diffusion
model. We also demonstrate that our method performs bet-
ter.

3. Preliminaries

Latent Diffusion Models. The key component of our
method is a latent diffusion model [21, 58]. A diffusion
model defines a forward process by gradually adding Gaus-
sian noise to a data point xo: p(x¢|x0) = N(aixo,0%),
until x; is close to a Gaussian. A denoiser model Xg(x;; t)
is learned to predict the clean sample x given the noisy
sample x; at time step ¢ by minimizing a weighted /2 loss:

0 = argming B, x, xo)w(t) %o (x0:t) — X053 (1)

Other parametrizations of the denoiser model have been
proposed, such as predicting the noise added to the clean
data or a combination of the clean data and the noise like
the v-prediction [51]. A latent diffusion model first com-
presses the data into a lower-dimensional latent space and
then builds a diffusion model in the latent space. A two-
stage training procedure is typically applied: the compres-
sion is first learned by a VAE and fixed, followed by learn-
ing the diffusion model.

3D Gaussian Representation. We leverage a set of
3D Gaussians as the scene representation: G =
{pi, 04,5, ¢; Y| where p; € R is the mean of the Gaus-
sian, o; € [0, 1] its opacity, 3; € R3*3 its covariance ma-
trix and ¢; € R? is the isotropic color. These Gaussians
can be rendered to a camera efficiently using the splatting
operation [28].
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Few-view 3D reconstruction. The goal of few view recon-
struction is to recover the representation G given a small
collection of N input views, where “views” are paired im-
ages I and their camera poses II. In our case, we assume
N € {1 — 4}. With such limited input views and therefore
insufficient coverage of the scene, pure optimization-based
reconstruction becomes an ill-posed problem, as many rep-
resentations G can explain the same set of posed images
(I, II). Therefore, we instead formulate the task as a gener-
ation problem: learn and sample from a conditional distri-
bution of the 3D scene given the input views: p(G|I, IT).

4. Method

Bolt3D takes a single or multiple images and their cam-
era poses as input, and outputs a 3D Gaussian representa-
tion. The model consists of two components: a latent diffu-
sion model that generates more views and the 3D location
per pixel (i.e., a 3D pointmap) for each view, and a feed-
forward Gaussian head model that takes the outputs from
the diffusion model and predicts full parameters of one col-
ored 3D Gaussian per pixel (i.e. a Splatter Image) for each
view. Below we describe the 3D Gaussian representation
(Sec. 4.1), the latent diffusion model (Sec. 4.2), the feed-
forward Gaussian head model (Sec. 4.3) and the training
process (Sec. 4.4). We present an overview in Fig. 2.

4.1. 3D Representation

Assuming K views that can be observed or generated,
we leverage a 3D Gaussian representation consisting of K
Splatter Images [61], i.e., pixel-aligned colored 3D Gaus-
sians for each view. Each 3D Gaussian contains four prop-
erties: color, 3D position (mean of the Gaussian), opacity,
and covariance matrix. In contrast to prior reconstruction-
based methods, we leverage a generative approach that hal-
lucinates new content in a wider range of the scene than
what is covered by the input views.

Factorized sampling. We factorize the generation of
Gaussian parameters into two parts: first, a latent diffusion
model is leveraged to generate the color and 3D position.
Then, a feed-forward Gaussian head model takes the color
and 3D position as input and predicts the opacity, covari-
ance matrix and refined color. The motivation is that we
can easily get data of the colors and 3D positions by col-
lecting captured images and running dense Structure-from-
Motion to serve as the target of the latent diffusion model.
On the other hand, finding direct supervision for the covari-
ance matrices and opacities is non-trivial. However, given
the colors and 3D positions generated from the diffusion
model, the covariance matrix and opacity are much less am-
biguous, and therefore can be modeled by a deterministic
mapping function that is supervised with a rendering loss.

4.2. Geometric multi-view latent diffusion model

We train a multi-view latent diffusion model that jointly
models images and 3D pointmaps. Specifically, the model
takes one or more images I°°"? and their camera poses
I1°°"d a5 input. Given multiple target camera poses ITt8t,
the model learns to capture the joint distribution of the tar-
get images I°8t, the target pointmaps P8 and the source
view pointmaps P¢nd:

p(:[tgt7 Ptgt’ Pcond|Ic0nd’ Hcond’ Htgt) (2)

Model architecture. We finetuned our model from a pre-
trained multi-view image diffusion model, which itself
was finetuned from text-to-image latent diffusion model,
to maximally maintain the generalization ability of the
model while being trained on limited amount of multi-view
data with 3D positions. The images and geometry (i.e.,
pointmaps and cameras) are encoded and decoded by two
separate VAEs that 8 x downsample the input signals spa-
tially (i.e. from 512 x 512 in the pixel space to 64 x 64 in
the latent space). The image VAE is pre-trained and frozen
while the geometry VAE is trained from scratch. The cam-
era pose is parametrized as a 6-dim raymap that encodes the
ray origin and direction at each spatial location. At the in-
put of the latent diffusion, the image latent, geometry latent
and a raymap of the same size of the latents are channel-
wise concatenated. We use a v-parametrization and a v-
prediction loss for the diffusion model [51]. The model is
pre-trained on 8 and fine-tuned on 16 views in total, and 1-3
views are randomly sampled as input views. During sam-
pling we generate 16 views in total.

Geometry VAE. We train a geometry VAE to jointly en-
code the pointmap P and camera raymap r of a view into a
geometry latent:

wo=EP,r), z~N(u,o), P,i=D(z), 3)
where £ is a convolutional encoder and D is a transformer
decoder. The model is optimized by minimizing the follow-
ing training objective, which is a combination of the stan-
dard VAE objective and a geometry-specific loss:

L= ﬁrec + MLy + /\QLgrad~ “4)
The reconstruction loss L is given by
Liee = [[w(P = P)|5 + [|F —r|3, (5)

where w is a per-pixel weighting depending on the distance
from the point to the center of the scene in the local camera
frame (see supplement for more details). Intuitively, this
encourages accurate geometry while accounting for lower
confidence further from the camera. Lky is given by:

1
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Figure 3. Qualitative results. We show renders of our 3D scenes reconstructed from just one input image (top left corner in each image)
in a feed-forward manner. Inference takes only 7 seconds on a single GPU.

Finally, we add an ¢5 reconstruction error of the vertical and
horizontal gradients of the pointmap, to improve boundary
sharpness in the decoded pointmap:

Loaa = |0,P — 0, P|3 + |0.P —3,P[3. (]
4.3. Gaussian Head

Given cameras and generated images and pointmaps, we
train a multi-view feedforward Gaussian head model to out-
put the refined color, opacities and covariance matrices of
3D Gaussians stored in Splatter Images. We first calibrate
the generated pointmaps to be pixel aligned under the cor-
responding camera coordinate system. That is, we trans-
form the 3D points into the camera coordinate, keep z and
set x,y based on the camera ray and z. While the VAE
decodes color and pointmaps independently for each view,
we found that implementing a multi-view Gaussian head
model is crucial. A U-VIiT [3] architecture is applied with
4x patchification before the transformer blocks, see Sup-
plementary for more details. The Gaussian head takes 8
views as input, and is trained using photometric losses (i.e.
an L2 loss and a perceptual loss [93]) on rendered images
from 4 subsampled input views and 8 novel views.

4.4. Training

Data. Our method requires supervision of dense, multi-
view consistent pointmaps associated with the multi-view
images. We leverage a recent state-of-the-art dense recon-
struction and matching method, MASt3R [29], running the
depth and feature estimation followed by bundle adjustment

of all pixels for 20-25 images per scene. This setup al-
lows for complete scene coverage and outputs multi-view
consistent 3D pointmaps. While the data is not perfect,
we find that the residual noise and geometric imperfec-
tions are minor enough to not affect our method signifi-
cantly (partially due to using rendering losses, in addition
to geometry losses). We run MASt3R on all scenes from
CO3D [46], MVImg [88], RealEstatel0K (RE10K) [96]
and DL3DV-7K [33] forming a dataset of around 300k
multi-view consistent 3D scenes. We use standard train-
test splits in CO3D, MVImg and RE10K, and we use the
first 6K scenes in DL3DV for training and last 1K for test-
ing. In addition, we leverage synthetic object datasets (Ob-
javerse [11] and a high-quality internal object dataset) with
their corresponding pointmap renderings. We train on a mix
of these datasets, sampling the real scenes with equal prob-
ability from all 4 real datasets and sampling the synthetic
datasets 1:2 compared to sampling real data.

Training Protocol. We train our model in 3 stages:

1. Geometry VAE. We first train the model at 256 x 256 res-
olution for 3 million iterations, then finetune at 512x512
for another 250k iterations.

2. Gaussian head. Given ground truth color and autoen-
coded geometry, the Gaussian head is trained for 100k it-
erations with rendering losses to output Splatter Images.

3. Latent diffusion model. We initialized our latent diffu-
sion model from CAT3D [14] and trained it for 700k it-
erations on the 8-view setup before finetuning it for 70k
iterations on 16-views. See supplement for more details.
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5. Experiments

We begin our experiments with presenting the results of our
method in Fig. 3, and we encourage the reader to view the
videos and interactive visualizations on the project website
which include high-quality reconstructions on a wide range
of inputs.

Our experiments are divided into 4 sections. First,
we illustrate that modeling ambiguity using a generative
model is crucial for few-view reconstruction by evalu-
ating against state-of-the-art regression-based approaches.
Second, we show that our approach for modeling am-
biguity outperforms recent approaches for feed-forward
3D generation from few input images. Third, we eval-
uate the speed-quality trade-off between state-of-the-art
optimization-based methods and our method. Finally, we
analyze the Geometry VAE and show its crucial role in the
performance of our method. For Geometry VAE and gaus-
sian decoder ablations we refer to the supplement.

When comparing against prior works we evaluate our
method on the number of views other methods were de-
signed for. We evaluate performance at center crops of
512 x 512 resolution unless stated otherwise.

Metrics. We quantify 3D reconstruction quality with stan-
dard metrics for novel-view synthesis: PSNR, SSIM,
LPIPS [93] and FID [20] to measure pixel-wise, patch-wise,
perceptual and distribution similarity, respectively.

5.1. Comparison to 3D Regression.

We compare our method with state-of-the-art feed-forward
Gaussian Splat regression methods: Flash3D [62] (single-
view) and DepthSplat [78] (few-view).

Protocol. We use 1-view RE10K for comparison against
Flash3D by using the split from [14, 76] and using the
first frame in each video as the conditioning frame, with
the target frames as specified in the split. This split con-
tains larger camera motion (90 frames) than that used in the
original Flash3D paper, thus evaluating the reconstruction
ability beyond small (£ 30 frames) camera motion. Addi-
tionally, we include an evaluation on CO3D, also adapted
from [14, 76] to evaluate both methods under stronger self-
occlusion, as is typical for single-view reconstruction. For
comparison against DepthSplat [78], we use DL3DV, which
features large camera motion, and we evaluate both meth-
ods in the 2-view and 4-view settings, using source and tar-
get views from [78]. We run evaluations on the scenes using
the overlap of their and our testing sets.

Results. We find that Bolt3D outperforms both methods,
as shown in Tab. 1. The strong performance of our method
compared to feed-forward reconstruction highlights the im-
portance of modeling ambiguity, as we show in Fig. 4. This
observation is consistent with the fact that the biggest gain

Method PSNR1 SSIM+ LPIPS| FID|
l-view  Flash3D 17.40 0.699 0.419 96.9
REIOK  Ours 21.03 0.805 0257 555
l-view  Flash3D 14.43 0.552 0.608  174.8
CO3D  Ours 16.78 0.562 0.505 97.5
2-view  DepthSplat  16.25 0.515 0.465 95.9
DL3DV  Ours 17.75 0.551 0392 645
4-view  DepthSplat  19.48 0.638 0.327 58.8
DL3DV  Ours 20.64 0.653 0310 482

Table 1. Comparison to regression-based methods. Our gener-
ative approach improves performance across multiple datasets and
numbers of input views. The biggest gain is seen in the 1-view
setting where ambiguity is the greatest.

Single View Input

Multi-View Input

Ground Truth
Ground Truth

DepthSplz;t

Our Model
Our Model

(a) Camera motion  (b) Self-occlusion | (c) Low overlap B (d) Hard matchin
Figure 4. Modeling ambiguity is advantageous in both single-
and few-view reconstruction. Given just a single input image, our
generative framework synthesizes realistic unobserved outside the
observed field-of-view (a) and in occluded regions (b). Bolt3D
also performs well in challenging scenarios given multiple input
images that have a small overlap (c) or cases where feature match-
ing is difficult (d).

in performance is observed in the 1-view setting, where am-
biguity is the largest.

5.2. Comparison to Feed-Forward 3D Generation.

We compare our method to two recent feed-forward 3D gen-
erative methods capable of reconstructing real scenes: La-
tentSplat [74] and Wonderland [31].

Protocol. When comparing to LatentSplat, we evaluate
at 256x256 resolution on the datasets they proposed:
RealEstate 10k and the hydrants and teddybear categories of
CO3D, with their extrapolation splits. When comparing to
Wonderland, we follow their quantitative evaluation proto-
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Input LatentSplat Ours GT

Figure 5. Our latent diffusion framework generates more realistic
details the VAE-GAN framework proposed by LatentSplat.

Method PSNRT SSIMT LPIPS| FID|
1-view Wonderland* 17.15 0.550 0.292 -
RelOk Ours 21.54 0.747 0.234 11.30
2-view LatentSplat 22.62 0.777 0.196 2.79
REI0K Ours 23.13 0.806 0.166 3.66
2-view LatentSplat 17.71 0.533 0.434 71.12
CO3D ted. Ours 18.94 0.605 0.393 76.24
2-view LatentSplat 15.78 0.306 0.426 48.03
CO3D hyd.  Ours 17.38 0.437 0.390 76.12

Table 2. Comparison to 3D generative methods. Our diffusion-
based framework with explicit 3D supervision achieves the best
image-level metrics. * denotes results reported in [31]

col on RealEstate10K, i.e. randomly sampling 1000 testing
scenes, using the first frame of the video as the source frame
and measuring the rendering quality of 14 views following
the source view given that one input view.

Results. We observe that our method outperforms La-
tentSplat qualitatively (Fig. 5) and quantitatively (Tab. 2)
on image-level metrics. We suspect that latentsplat’s ad-
versarial loss gives it an advantage in the distribution-level
FID metric. Fig. 5 illustrates that our diffusion model gen-
erates higher-quality details than LatentSplat’s VAE-GAN.
We also demonstrate that our method outperforms Wonder-
land in Tab. 2. We hypothesize this is due to explicit mod-
eling of geometry in the autoencoder and in the diffusion
model. It is also worth noting that Wonderland uses a video
model and takes 5 minutes to generate a scene, while ours
generates 16 splatter images in around 6 seconds.

5.3. Optimization-based 3D Reconstruction.

We explore the speed-quality trade-off versus a state-of-the-
art optimization-based method, CAT3D [14]. We also in-
clude qualitative comparisons to RealmDreamer [57].

Protocol. We report the performance of CAT3D in a 3-
cond setting evaluated on 512 x 512 center-crops. We use
the same datasets and splits as proposed by the original pa-
per. We measure inference cost in GPU-minutes spent on

24852

3-view Infer. Cost

Method PSNR1 SSIM{ LPIPS| FID| gpu-minl

S CAT3D 29.56 0.937 0.134 13.75 77.28
2 Ours 27.00 0.905 0.154 27.40 0.25
& CAT3D 22.06 0.745 0.194 37.54 80.00
3 Ours 18.75 0.562 0.341 96.61 0.25
2 CAT3D 19.97 0.809 0.202 41.76 72.00
a  Ours 18.59 0.738 0.312 67.49 0.25
2 CAT3D 20.85 0.673 0.329 44.33 73.60
8 Ours 19.41 0.628 0.416 79.60 0.25
& CAT3D 16.62 0.377 0.515 91.82 73.60
= Ours 15.67 0.309 0.540 124.17 0.25

Table 3. Comparison to optimization-based methods. Our

method performs competitively with state-of-the-art optimization-
based methods, while reducing the inference cost 300x.

end-to-end reconstruction process. In addition, we collect
qualitative results shared on the official project websites of
ReamDreamer and CAT3D.

Inference Cost. Our method takes 6.25 seconds to recon-
struct one scene on a single H100 NVIDIA GPU or 15 sec-
onds on an A100. (We report A100 times in Tab. 3, to be
comparable to CAT3D). CAT3D takes 5 seconds to gener-
ate 80 images on 16 GPUs, and needs 640-800 generated
images per scene, followed by 4 minutes of reconstruction,
amounting to around 5 minutes, depending on the dataset.

Results. In Tab. 3 we observe that our method shows strong
performance, and it does so while requiring 300 x less com-
pute for inference. Qualitatively, our method produces
very high quality reconstructions for a range of scenes, and
in Fig. 6 we illustrate that our method generates better re-
sults than RealmDreamer, and sometimes sharper results
than CAT3D, especially on the 3DGS variant and in back-
grounds or fine details. This is due to the optimization pro-
cess in CAT3D regressing to the mean in the case of in-
consistent generations, especially in the less robust 3DGS
optimization process. While our method does not outper-
form CAT3D, it is still capable of generating high-quality
3D scenes from a diverse range of inputs (as seen in the
supplementary material), and we argue that a 300x reduc-
tion in inference cost well justifies a small drop in quality.

5.4. Image VAEs generalize poorly to geometry

Typically, VAEs are pre-trained on RGB images for latent
diffusion models that generate images [49]. We show that
these VAEs do not work well for unbounded geometry.

Metrics. We use metrics commonly used for depth esti-
mation [45, 72]—relative error (AbsRel) between the tar-
get z-component of the pointmap z and prediction Z, Rel.
= ||z — 2|| /z, and the prediction threshold accuracy, d,
max(?/z,#/2) < e with e = 1.01 Additionally, we measure
the re-projection error: the mean Euclidean distance on the



1-view reconstruction

N
Input RealmDreamer

Input RealmDreamer

CAT3D (3DGS)
3-view reconstruction

CAT3D (NeRF)

Input ReconFusion
Figure 6. Qualitative comparison to optimization-based meth-
ods. The reconstruction quality of our method compares favorably
with that of optimization-based methods, and sometimes even ex-
hibits sharper details, while using 300 less compute.

Synth. (Bounded)/Real (Unbounded)

Rel. x 1004 61.017 Auv(px)d
Im AE + mean-z scaling 1.03/17.9 67.1/24.2 9.72/160
Im AE + max-xyz scaling 4.56/9.74 19.8/15.0 95.6/907
Im AE + nonlinear scaling 1.34/15.8 58.8/40.3 16.9/245
Geo AE, Conv decoder 0.530/0.684  87.2/81.4  3.94/4.66
Geo AE, ViT decoder (Ours)  0.636/0.670  82.4/81.5 3.85/2.69

Table 4. Comparison of VAEs Trained for Images (Im AE)
vs. Geometry (Geo AE) on Pointmaps. Our autoencoder
trained specifically for geometry tasks performs much better
than pre-trained image auto-encoders, regardless of how points
are scaled. Our transformer-based decoder outperforms the
convolution-based one on real data.

image plane when re-projecting the point back to the source
1 N A oA

camera Auv = « >, ||(us, vi) — (3, 0;)|| 5, where u and

v are the x and y coordinates, respectively, in pixels on the

image. We measure performance separately for synthetic

and real data, both at 512 x 512 resolution.

Scaling. Our geometry data is not metric, so the scale of the
scene is arbitrary. Properly normalizing the data before in-
putting it to the VAE can significantly impact performance.
We consider 3 methods for scaling data. We experiment
with (1) scaling the scene such that mean scene depth is
1, (2) scaling the scene such that the maximum coordinate
value in any direction is 1 and (3) applying a nonlinear con-
traction function (the sigmoid function) before inputting it
to the encoder, and applying its inverse after decoding. Our

(a) Data

(b) Our AE (c) Conv. AE (d) Image AE

Figure 7. Given input geometry (a), our Auto-Encoder (b) accu-
rately reconstructs input geometry. Using a convolutional decoder
(c) results in inaccurate geometry and using a pre-trained Image
Auto-Encoder (d) fails catastrophically for both indoor and large-
scale outdoor scenes.

autoencoder uses (1).

Results. In Tab. 4 we find that pre-trained image autoen-
coders work reasonably well for synthetic, bounded data.
This conclusion aligns with prior work showing that VAEs
pre-trained on RGB images can be applied effectively to
bounded relative depth d € [0, 1] [27]. However, we find
that regardless of the scaling method, autoencoders trained
on images struggle to autoencode pointmaps. Meanwhile,
our autoencoder trained on geometry maintains high accu-
racy (80% of points are within 1% of ground truth) for both
synthetic and real data. We visualize 2D pointmaps and
point cloud renders in Fig. 7 and observe that the image
autoencoder fails catastrophically in outdoor scenes, and
exhibits obvious inaccuracies when autoencoding indoor
scenes. While the convolutional decoder performs compa-
rably to the transformer quantitatively, we empirically ob-
serve in Fig. 7 that it introduces jarring artifacts, e.g., bent
lines. This analysis illustrates that our Geometry AE and
its architecture are instrumental to high-quality results on
unbounded scenes from our method.

6. Conclusion

We have presented Bolt3D, a fast feed-forward method that
generates detailed 3D scenes in less than 7 seconds. To
enable this capability, we propose a 3D scene representa-
tion that allows for denoising high-resolution 3D scenes
using powerful 2D latent diffusion architectures. We cre-
ate a large-scale 3D scene dataset to train Bolt3D, and
demonstrate that it accurately models ambiguity, enabling
high-quality 1-view reconstructions where regression-based
methods fail. Our proposed feed-forward approach is capa-
ble of reconstructing a wide variety of scenes and reduces
the cost of 3D generation by 300x compared to existing
optimization-based methods, opening up opportunities for
3D content creation at scale.
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