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Abstract

The default strategy for training single-view Large Reconstruction Models (LRMs)
follows the fully supervised route using large-scale datasets of synthetic 3D assets
or multi-view captures. Although these resources simplify the training procedure,
they are hard to scale up beyond the existing datasets and they are not necessarily
representative of the real distribution of object shapes. To address these limitations,
in this paper, we introduce Real3D, the first LRM system that can be trained using
single-view real-world images. Real3D introduces a novel self-training framework
that can benefit from both the existing synthetic data and diverse single-view real
images. We propose two unsupervised losses that allow us to supervise LRMs at
the pixel- and semantic-level, even for training examples without ground-truth 3D
or novel views. To further improve performance and scale up the image data, we
develop an automatic data curation approach to collect high-quality examples from
in-the-wild images. Our experiments show that Real3D consistently outperforms
prior work in four diverse evaluation settings that include real and synthetic data, as
well as both in-domain and out-of-domain shapes. Code and model can be found
here: https://hwjiang1510.github.io/Real3D/

1 Introduction

The scaling law is the secret sauce of large foundation models [28]. By scaling up both model
parameters and training data, the foundation models demonstrate emerging properties and have
revolutionized Natural Language Processing [2] and 2D Computer Vision [53]. Recently, the same
recipe has been applied to build a foundation model for single-view 3D reconstruction, which
has the potential to benefit AR/VR [55], Robotics [87] and AIGC [5]. From the perspective of
model design, Transformers [74] have been proven to be effective architectures for the 2D-to-3D
lifting [25, 22, 76], facilitating single-view Large Reconstruction Models (LRMs) [22]. From the
perspective of training data, the default resources are multi-view images from 3D/video data, where
we observe that increasing the dataset size [11, 10, 92] is beneficial to the model performance.

However, the excessive reliance on multi-view supervision creates a critical bottleneck to expanding
the training data of such models. The relevant strategies for data collection (i.e., synthetic 3D
assets [11] and intentional video captures [92]) are time-consuming and hard to further scale up.
Thus, compared to the training data used for state-of-the-art language models [2, 71] and 2D vision
models [31, 95], the scale of the training data for 3D reconstruction models is relatively limited.
Moreover, the data is biased towards shapes that are easy to model by artists or easy to capture in the
round table setting [56, 92], creating a domain gap between the training and inference phases.

To address this limitation, we propose to train LRMs with single-view real-world images. Compared
to the limited number of 3D assets or intentional video captures, images are easier to collect and
are readily available in existing large-scale datasets [13, 69, 60]. Furthermore, by leveraging a large
number of natural images, we can capture the real distribution of object shapes more faithfully, closing
the training-inference gap and improving generalization [33, 37, 89]. Additionally, the maturity of the
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Figure 1: Single-view 3D Reconstruction with Real3D. We compare Real3D with the state-of-the-art TripoSR
model [70]. Unlike TripoSR, which is trained solely on synthetic data, Real3D uses single-view real-world
images. We provide reconstructions from two novel views. Please see more results in our website.

recent image-based foundation models [31, 8, 89] makes it possible to curate this large-scale data and
leverage the high-quality examples, which tend to be the most beneficial for the model performance.

We introduce Real3D, the first LRM system designed with the core principle of training on single-
view real-world images. To achieve this, we propose a novel self-training framework. Our framework
incorporates unsupervised training guidance, improving Real3D without multi-view real-data super-
vision. In detail, the guidance involves a cycle consistency rendering loss at the pixel level and a
semantic loss between the input view and rendered novel views at the image level. We introduce
regularization for the two losses to avoid trivial reconstruction solutions that degrade the model.

To further improve performance, we apply careful quality control for the real images that we use for
training. If we naively train using all the collected image examples, the performance drops. To address
this, we develop an automated data curation method for selecting high-quality examples, specifically
unoccluded instances, from noisy real-world images. Eventually, we jointly perform self-training on
the curated data and supervised learning on synthetic data. This strategy enriches the model with
knowledge from real data while preventing divergence. Our final model consistently outperforms the
state-of-the-art models that are trained without single-view in-the-wild images (Fig. 1).

We evaluate Real3D on a diverse set of datasets, spanning both real and synthetic data and covering
both in-domain and out-of-domain shapes. Experimental results highlight Real3D’s three key
strengths: i) Superior performance. Real3D outperforms prior works in all evaluations. ii) Effective
use of real data. Real3D demonstrates greater improvement using single-view real data than what
the previous methods achieved using multi-view real data. iii) Scalability. Performance improves as
more data are incorporated, demonstrating Real3D’s potential when further scaling the data.

2 Related Work

Single-view 3D Reconstruction. Reconstructing 3D scenes and objects from a single image is a
core task in 3D Computer Vision. One line of work focuses on developing better 3D representations
and utilizing their unique properties to improve reconstruction quality. For example, different
explicit representations have been explored, e.g., voxels [9, 73], point clouds [15, 26], multiplane



images [45, 72], meshes [38, 17], and 3D Gaussians [30, 66, 67]. The implicit representations, e.g.,
SDFs [49, 43, 64], and radiance fields [46, 91, 57] have also improved the reconstruction accuracy.

Recent works explore incorporating diverse guidance for improving the quality of single-view
3D reconstruction. MCC [80] and ZeroShape [24] use depth guidance, however, accurate depth
inputs or estimates are not always available. RealFusion [42], Make-it-3D [68] and Magic123 [51]
harness diffusion priors as guidance using distillation losses [50]. Nevertheless, the process involves
per-shape optimization, which is slow and hard to scale. To solve the problem, Zero-1-to-3 [36]
fine-tunes diffusion models for direct novel view generation. With multiple views, it is easier to
get a 3D reconstruction. However, this route suffers from limited reconstruction quality, caused by
inconsistency between the generated novel views [39, 62, 75]. Adversarial guidance is explored to
distinguish reconstruction from input view [23, 85]. However, adversarial training is usually unstable
and difficult to extend to general categories. Moreover, semantic guidance leverages the image-to-text
inversion model and the similarity calculation model to supervise novel reconstruction views [12, 68].
This improves the semantic consistency of the reconstructions but harms the reconstruction details,
as text-to-image models lack spatial awareness [53, 16]. In contrast, our method, Real3D, proposes
two complementary unsupervised losses to improve both the semantic and spatial consistency of our
reconstruction, enabling us to train using single-view images.

Large Reconstruction Models. Large reconstruction models are proposed for generalizable and
fast feed-forward 3D reconstruction, following the design principles of foundation models. They use
scalable model architecture, e.g., Transformers [74, 22, 25] or Convolutional U-Nets [58, 67, 77] for
encoding diverse shape and texture priors, and directly mapping 2D information to 3D representations.
The models are trained with multi-view rendering losses, assuming access to 3D ground-truth. For
example, LRM [22] uses triplane tokens to query information from 2D image features. Other works
improve the reconstruction quality by leveraging better representations [96, 79, 93] and introducing
generative priors [77, 86, 67]. However, one shortcoming of these models is that they require a
normalized coordinate system and canonicalized input camera pose, which limits the scalability
and effectiveness of training with multi-view real-world data. To solve the problem, we enable the
model to perform self-training on real-world single images, without the need for coordinate system
normalization and multi-view supervision.

Unsupervised 3D Learning from Real Images. Learning to perform 3D reconstruction typically
requires 3D ground-truth or multi-view supervision, which makes scaling up more challenging. To
solve this problem, a promising avenue would be learning from massive unannotated data. Early
works in this direction leverage category-level priors, where the reconstruction can benefit from
category-specific templates and the definition of a canonical coordinate frame [29, 27, 48, 81,
20, 34, 35, 47, 32, 14, 4]. Recent works extend this paradigm to general categories by adjusting
adversarial losses [90, 44, 3], multi-category distillation [1], synergy between multiple generative
models [83], knowledge distillation [65] and depth regularization [59]. However, these methods learn
3D reconstruction from scratch, without leveraging the available 3D annotations due to limitations of
their learning frameworks. Thus, their 3D accuracy and viewpoint range are limited. In contrast, our
model enables initialization with available 3D ground-truth from synthetic examples and is jointly
trained with in-the-wild images using unsupervised losses, which improves the reconstruction quality.

Model Self-Training. Self-training helps improve performance when labeled data is limited or not
available [61, 54, 84]. For example, contrastive learning methods use different image augmentations to
learn visual representations [ 18, 6, 7]. This strategy has also been applied to 3D computer vision tasks,
e.g., hand pose estimation [37], detection [88], segmentation [40] and depth estimation [89]. In this
paper, we propose novel losses to perform self-training on real images to improve 3D reconstruction.

3 Preliminaries

Large Reconstruction Model (LRM). Let I € R*Wx3 be an input image that contains the target
object to reconstruct. The LRM outputs a 3D representation of the object, T = LRM(I), where
T € R3*/xwxe ig the latent triplane. LRM performs volume rendering [3] to produce novel views.
The rendering module is formulated as Iy = (T, ®), where I is the rendered image under a target
camera pose ® € SE(3), and 7 represents the rendering process.

Training LRM on Synthetic Multi-view Images. As single-view 3D reconstruction is an ill-posed
problem due to the ambiguity from 2D to 3D [63], the essence of LRMs is learning generic shape
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Figure 2: Real3D overview. (Top) Real3D is trained jointly on synthetic data (fully supervised) and on
single-view real images using unsupervised losses. A curation strategy is used to identify and leverage the
high-quality training instances from the initial image collection. (Bottom) We adopt the LRM model architecture.

and texture priors from large data [22]. Training an LRM requires multi-view image supervision.
For each training object, we assume that we have several views of it with the corresponding camera
poses. We denote the views and poses as {(I?*, ®;)|i = 1, ...,n}, where n images are collected. This
multi-view information is usually obtained from synthetic 3D assets [11] using graphical rendering
tools. The loss function on the multi-views is:

1 A A
Luscon(l) = —¥iLy (Lwse(le,, I 4+ X\ Lipes(ls,, I7Y) (1

where A is a weight for balancing losses. The Lysg and L1 pips [94] provide pixel-level and semantic-
level supervision, respectively. To facilitate training, the coordinate system needs to be normalized.
More specifically, LRM assumes that i) the shape is located at the center of the world coordinate
frame within a pre-defined boundary, and ii) the input view has a canonical camera pose ¢, a constant
shared across all samples. This camera points to the world center (identity rotation) and has a constant
translation vector. These assumptions can be easily satisfied with synthetic renderings.

Training LRM on Real-World Multi-view Images. Real-world images do not satisfy the above
assumptions in most cases. To deal with the first assumption, LRM uses the sparse point cloud
of COLMAP reconstruction to re-center and re-scale the world coordinate frame. Moreover, it
uses camera poses estimated by COLMAP to render novel views. However, this solution limits the
accuracy and scalability of using real-world data, as COLMAP reconstruction can be inaccurate, and
it is not trivial to capture detailed multi-view videos of objects and run COLMAP on each one of
them. To deal with the second assumption, LRM is modified to condition on the input view camera
pose ¢! and intrinsics K7, formulated as T = LRM*(I, ®!, K1). Note that both ¢! and K vary
across training samples, where gbI has a non-constant translation vector, and K7 has non-centered
principle points due to object-region cropping. We observe that LRM* (open-sourced version) can
only get limited gain by training with real-world multi-view data. Please see Sec. 5.1 for details.

4 Real3D

We propose a novel framework that enables training LRMs using real-world single-view images,
which are easier to collect/scale and can better capture the real distribution of object shapes. As
shown in Fig. 2, we initialize an LRM on a synthetic dataset. Then we collect real-world object
instances from in-the-wild images. We jointly train the model on synthetic data (Eq. 1) and perform
self-training on real data. The former prevents the model from diverging with the help of supervision
from ground-truth novel views. The latter introduces new data in model training, which improves the
reconstruction quality and generalization capability (Sec. 4.1). We also propose an automatic data
curation method to collect high-quality instance segmentations from in-the-wild images (Sec. 4.2).
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Figure 3: Pixel-level Guidance using cycle-consistency. (Left) We show the forward and backward path of
the cycle. (Right) Details of the pose sampling strategy with the curriculum.

4.1 Self-Training on Real Images

Overview. The effectiveness of the multi-view training loss (Eq. 1) originates from applying
supervision for improving both pixel-level and semantic-level similarity between reconstruction and
ground-truth novel views. Following this philosophy, we develop novel unsupervised pixel-level and
semantic-level guidance when training the model on single-view images, where ground-truth novel
views are not available. For our base model, we use a fine-tuned TripoSR [70], an LRM without input
pose and intrinsics conditioning.

Pixel-level Guidance: Cycle-Consistency. To provide pixel-level guidance, we propose a novel
cycle-consistency rendering loss. The intuition behind this is that if we have a perfect LRM, the 3D
reconstruction and rendered novel views should also be perfect. Similarly, if we apply our LRM again
to any of the novel views, we should be able to produce renders of the original input view perfectly.
As shown in Fig. 3, we input the model with an image. We randomly sample a camera pose and render
the reconstruction, obtaining a synthesized novel view. This novel view is fed back into the model to
reconstruct it again. Finally, we render this second reconstruction from the viewpoint of the original
input, using the inverse of the sampled pose. The goal is for this final rendering to match the original
input, ensuring cycle consistency. Moreover, we observe that applying a stop-gradient operation on
intermediate rendering can effectively prevent model degeneration and trivial reconstruction solutions.
This observation is akin to self-training strategies in other domains [7].

We formulate the pixel-level guidance as follows. We input the model with an image I’ that contains
a shape instance in the real world and then reconstruct the latent triplane.

T = LRM(IF), I € RT3, 2)
We sample a camera pose ¢ to render a novel view of the reconstruction and create the second input
IE in the cycle, as:

IE = n(TE, ®), and IF « sc(Ik) (3)
where SG(-) is the stop-gradient operation, and <— means updating. Specifically, the sampled camera

pose @ is associated with the relative pose A® between the sampled view and the input view, as
d = ¢ - AD, where ¢ is the constant canonical pose of the input view (introduced in Sec. 3).

The final image 17 that close the cycle is formulated as:

I = 7(TF, &), where T = LRM(I£), and ® = ¢ - (A®) ™. 4)
The pixel-level guidance is defined as /jgx = Lyse(I7,17).

However, we observe that naively applying this loss can negatively impact the model. Since the model
is imperfect, any novel view it creates, especially from a camera pose significantly different from the
input, can be inaccurate. This introduces errors that compound through the cycle-consistency process,
ultimately degrading performance.

To address these problems, we introduce a curriculum learning approach. This approach progres-
sively adjusts the complexity of the learning target from simple to difficult. Initially, the model learns
from simpler cases, which later prepares it for more challenging ones. We manage the difficulty by
varying the sampled camera poses from near to far relative to the original viewpoint of inputs. We
formulate the camera sampling method under the curriculum as:

O = ¢ AD, AD ~ Uniform(—AdI AP ), 6)



where we denote Uniform as the uniform sampling in the SE(3) pose space, and Aq)fnax is the
maximum sampling range of relative camera pose at the training iteration j. Note ADL . is
parameterized by the relative azimuth 6, and elevation @.x, which are

grjrl]ax - j/jmax : (amax - gmin) + amin» and @ﬁlax = j/jmax : ((Pmax - (Pmin) + ©Pmin» (6)
where jnax is the number of total training iterations. We start the curriculum with 6, = @min = 15°,

and finalize with Op.x = @max = 90°. The camera pose sampling range keeps increasing in the
curriculum and the training process.

Semantic-level Guidance. The semantic guidance is performed between the novel view of the
reconstruction and the input view. We leverage CLIP to compute the semantic similarity loss, as
CLIP is trained on image-text pairs and can capture high-level image semantics. The image semantic
similarity loss is Leup(1, 1) = —(f(I), f(I)), where f represents the visual encoder of CLIP for
predicting normalized latent image features.

A simple strategy for applying the loss is rendering multiple novel views of a reconstruction and
calculating the loss on all of them. However, this leads to the multi-head problem, a trivial solution to
minimize the loss (see Fig. 7). The reason is that CLIP is not fully invariant to the camera viewpoint.

To handle the problem, we apply the loss to only one rendered novel view. Specifically, the novel
view is least similar to the input view among multiple rendered novel views, involving hard negative
mining. We also prevent rendering novel views far from the input viewpoint, as the back of the 3D
shape can be semantically different from the input view.

We formulate the semantic-level guidance as follows. For the latent reconstruction T if real image
data I, we render m novel views using m sampled rendering camera poses as:

I = 7(TR ®;), for i € {1,...,m} (7
We sample the camera poses using a similar strategy in Eq. 5 and 6, as:

D, =¢-AD;, AD; ~ Uniform(—APmux, APy ), )

’

where A®,,y is parameterized by 6,,,,, = 120° and @;m = 45°, irrelevant to the training iteration j.

We calculate the semantic-level guidance as:
LB = £CL[p(f§k,IR), where k = arg max LCLlp(fgi, I, 9)
ie{l,...,m}

Training Target. The losses applied in self-training on real data can be defined as:

‘CgELF = )\1113 : ‘CIIE + )‘gx : ‘Cll)?x + )\gm ’ ‘Cﬁmv (10)

where £ = LB (1 f, ™) is the rendering loss on the input view, and I f is rendered using the

canonical pose of input as I f = 7(T®, ¢). The final losses on both synthetic and real-world data
can be defined as £ = Lo + LE, ;.

4.2 Automatic Data Curation

Our data curation method aims to select high-quality shape instances from real images. Specifically,
we find it is important to train the model with un-occluded instances. Thus, we develop an automatic
occlusion detection method leveraging the synergy between instance segmentation and single-view
depth estimation. Please see Appendix B for more details.

S Experiments

We introduce our evaluation results on diverse datasets, including real images in controlled and
in-the-wild settings, for comparison with previous work.

Implementation Details. On the synthetic data, we supervise the model on n = 4 renderings. On
the real data, we render m = 4 novel views to apply the semantic guidance. We use 1 view to apply
the pixel-level guidance. All evaluations are performed with a rendering resolution of 224. We set



Table 1: Evaluation results on the real-world in-domain MVImageNet dataset. We note that LRM* is trained
on multi-view data of MVImgeNet as an oracle comparison (results in ). We bold the best results (except

LRM*) and highlight the best results (including LRM*). We also include the gain (A) by using real data.

Eval. on Input View Eval. on GT Novel Views
Semantic Similarity Self-Consistency Novel View Synthesis Quality
(Input View <> Rendered Novel View) | (Input View <> Rendered & Cycled Input View) | (GT Novel Views <+ Rendered Novel Views)
Method CLIP; LPIPS; FID, PSNR4 ‘ SSIM4 LPIPS PSNR4 SSIM4 ‘ LPIPS,
METHODS W. GENERATIVE PRIORS
LGM [67] 0.820 0.204 158.4 14.20 0.833 0.227 15.95 0.813 0.181
CRM [77] 0.823 0.179 172.5 15.72 0.873 0.168 17.54 0.853 0.142
InstantMesh [86] 0.873 0.188 153.5 14.81 0.861 0.171 14.70 0.806 0.197
METHODS W/O GENERATIVE PRIORS (DETERMINISTIC)
LRM [19] 0.868 0.160 147.6 17.69 0.873 0.140 19.75 0.864 0.112
LRM* [19]
TripoSR [70] 0.860 0.157 129.7 17.72 0.874 0.143 19.81 0.864 0.116
Real3D (ours) 0.892 0.147 116.9 19.80 0.893 0.125 20.53 0.871 0.107
Aours ‘

the learning rate as 4e — 5 using the AdamW optimizer [41].We train the model with 5 = 40, 000
iterations with a cosine learning rate scheduler. We use a batch size of 80, where we have half
synthetic samples and half real-data samples. We set A\, A%, A% A\E a51.0,0.3, 5.0 and 1.0,

pix® “'sem
Datasets. We train Real3D on our collected WildImages real single-view data and the synthetic
multi-view renderings of Objaverse [11] jointly. We evaluate the models on test splits of WildImages,
MVImageNet [92], CO3D [56] and OmniObject3D [82]. We introduce the details of each as follows.

» WildImages contains 300K single-view segmented objects. It is collected from a set of datasets
from diverse domains [13, 92, 33], which is filtered from more than 3M in-the-wild object instance
segmentations. We keep aside a test split with 1000 images.

* Objaverse [11] is a large-scale synthetic dataset. We use a filtered subset consisting of 260K
high-quality shapes for training. We use renderings from [52, 36]. We note this is a widely used
subset [67, 52], as Objaverse contains a lot low-quality instances, which harm learning.

* MVImgNet [92], CO3D [56] and OmniObject3D [82] are used for evaluation, containing
in-domain real data, out-of-domain real data, and out-of-domain synthetic data, respectively. They
provide multiple views with camera pose annotations.

Metrics. We use two sets of metrics to evaluate the models on data with and without multi-view
annotations, respectively:

* Novel View Synthesis Metrics. Following prior work, to evaluate reconstructions on data with
multi-view information, we use standard metrics, including PSNR, SSIM [78], and LPIPS [94].

* Semantic and Self-Consistency Metrics. To evaluate reconstruction quality on single-view
data without ground-truth multi-view images, we introduce novel metrics. First, we render novel
views of a reconstruction and measure the semantic similarity with the input view. In detail, we
render 7 views where the azimuths are uniformly sampled in range [0, 360] and no elevations. We
use semantic metrics of LPIPS [94], CLIP similarity [53], and FID score [21]. Second, we evaluate



Table 2: Evaluation results on in-the-wild images of Wildlmages Table 3: Evaluation results on real-world
test set. Due to the absence of ground-truth novel views, we  out-of-domain CO3D data. We evaluate the

perform evaluation on the input view. novel view synthesis quality.
Eval. on Input View Eval. on GT Novel Views

Semantic Similarity Self-Consistency Novel View Synthesis Quality
Method CLIP; | LPIPS, | FID, | PSNR; | SSIM; | LPIPS, Method PSNR; | SSIM; | LPIPS,
METHODS W. GENERATIVE PRIORS METHODS W. GENERATIVE PRIORS
LGM [67] 0.843 0.188 146.0 | 14.13 0.825 0.210 LGM [67] 15.14 0.802 0.187
CRM [77] 0.807 0.174 162.4 | 15.67 0.862 0.160 CRM [77] 16.38 0.840 0.153
InstantMesh [86] | 0.841 0.182 152.5 | 14.68 0.854 0.163 InstantMesh [86] | 13.99 0.789 0.199
METHODS W/0O GENERATIVE PRIORS METHODS W/O GENERATIVE PRIORS
LRM [19] 0.847 0.149 1449 | 18.09 0.872 0.129 LRM [19] 18.31 0.849 0.126
LRM* [19] LRM* [19]
TripoSR [70] 0.877 0.148 128.5 | 18.18 0.874 0.125 TripoSR [70] 18.44 0.848 0.127
Real3D (ours) 0.892 | 0.144 106.5 | 19.00 | 0.882 | 0.117 Real3D (ours) 19.18 | 0.855 0.119
Aours ‘ Aours

the self-consistency of reconstruction. We render a designated novel view of reconstruction, use it as
input for reconstruction again, and render the second reconstruction at the original input view. We
evaluate the consistency using standard NVS metrics.

Baselines. We compare Real3D with LRM [22], TripoSR [70], LGM [67], CRM [77] and In-
stantMesh [86]. We use OpenLRM [19], an open-sourced LRM for comparisons. All models are
trained on Objaverse [11] unless noted otherwise. Specifically, InstantMesh uses the larger synthetic
dataset Objaverse-XL [10]. LRM has a version trained with multi-view data from MVImgNet [92]
and we denote it as LRM*. Moreover, we finetune TripoSR, as it predicts reconstruction with random
scales on different inputs with non-clean backgrounds, which leads to inferior evaluation results (see
Appendix C) and failure of self-training. All TripoSR results are after fine-tuning. TripoSR is a base
model directly comparable to ours, so we use it to ablate our contributions. For all baselines, we use
the official codes and checkpoints. Furthermore, we follow the specific settings of each model to
normalize target camera poses.

5.1 Experimental Results

Qualitative Results. We show examples of Real3D reconstruction on in-the-wild images in
Fig. 4, showing that Real3D can recover the geometry with high fidelity. Please see Appendix D for
comparisons with baselines on evaluation sets.

Quantitative Results. Real3D consistently outperforms prior works on all four test sets of our
evaluation. As shown in Table 1 to Table 4, Real3D showcases a 0.74 (3.9% relatively) PSNR
improvement on average over the directly comparable TripoSR model. This demonstrates the effec-
tiveness of our self-training method using real data. Moreover, Real3D shows a larger performance
gain (Aours) compared to LRM* (ALRM*), even though the latter uses multi-view supervision.
This verifies the limitation of the current training strategy of leveraging real-world multi-view data
(Sec. 3). Results in Table 2 also highlight the advantage of our self-training method by using a broader
data distribution. As a comparison, LRM* uses only MVImgNet data for training and has limited,
nearly zero, improvement on in-the-wild images (Table 2). In contrast, our method achieves bigger
improvements by leveraging more in-the-wild data.

Additionally, we observe that methods with generative priors do not perform well on out-of-
distribution data. These methods generate novel views and use those views to perform parse-view
reconstruction. We conjecture that the reason is the compounding error of the novel view synthesis
and reconstruction stages. This is another argument in favor of single-stage methods, like ours.

5.2 Ablation Studies

Rendering loss on input view. As shown in Table 5 (1), when we use only the £ loss, we observe
slight improvements of PSNR, but SSIM and LPIPS have limited improvements. We observe a
similar pattern when we add real data (raw and cleaned). This pattern implies that £ can only help
the model render more realistic pixels by learning the real-image pixel distribution, but it can not

improve the reconstruction quality.
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Figure 5: Real3D performance (PSNR) using different amounts of real data for training. The PSNR is evaluated
on novel views for (a)-(c), and it is evaluated on (d) with self-consistency.

Table 4: Evaluation results on synthetic Table 5: Ablation study on the real-world out-of-domain CO3D
out-of-domain OmniObject3D data. We dataset. “Naive" means simply applying CLIP-semantic loss on
evaluate the novel view synthesis quality.  all novel views . “e2e" means the cycle-consistency loss is end-
Fval on GT Novel Views to-end; “s.g." means stop the gradient of intermediate input of

Novel View Synthesis Quality cycle-consistency loss.

Method PSNR; | SSIM; | LPIPS, Eval. on GT Novel Views
METHODS W. GENERATIVE PRIORS R Clean Sem. Cycle- Curri- | Novel View Synthesis Quality
LGM [67] 1583 | 0.791 0.197 " Data  Guidance Consistency culum | PSNR; | SSIM; | LPIPS,
CRM [77] 16,75 | 0823 | 0.182 Q) 1844 | 0848 | 0127
InstantMesh [86] | 15.83 | 0.791 | 0.197 7 1863 | 0850 | 0126
METHODS W/O GENERATIVE PRIORS M v v 18.60 0.850 0.127
LRM [19] 18.20 0.831 0.144 @ v v 4 17.89 | 0.830 0.151
LRM* [19] oV V(Lem) 18.81 | 0.853 | 0.125
V'V V(Leem) /(52 18.63 | 0.848 | 0.125
TripoSR [70] 19.43 0.847 0.128 3 v v v (Lsem) v v 17.78 0.821 0.140
Real3D (ours) 20.17 0.855 0.119 } v v (Lsem) v(s.g) v 18.79 | 0.852 0.123
VoV V(Leem) V(sg) v 19.18 | 0.855 | 0.119

Semantic-level Guidance. As shown in Table 5 (2), naively applying the CLIP-based semantic loss
on all rendered novel views degrades the performance. We present visualization results in Fig. 7 of
the Appendix, where we observe the multi-head problem of reconstructions. We conjecture the reason
is copying the input view geometry to all other views is a trivial solution to minimize the semantic
loss. This requires us to incorporate more regularization as we do with our semantic guidance, which
achieves improvements across all metrics.

Pixel-level Guidance. As shown in Table 5 (3), the pixel-level cycle consistency guidance is only
useful when using both clean data, stopping the gradient of intermediate rendering, and applying
a training curriculum. The result demonstrates the importance of each proposed component. We
present more qualitative results for the ablation in Fig. 7 of the Appendix.

Data Amount. We also evaluate the effect of scaling up the training data. As shown in Fig. 5, Real3D
achieves consistent improvements as more real images are used for training, which demonstrates the
potential for further scaling up the in-the-wild images we use for training.

6 Conclusion

We present Real3D, the first large reconstruction system that can leverage single-view real images for
training. This has the major advantage of enabling training on a seemingly endless data source, that
is representative of the general object shape distribution. We propose a self-training framework using
unsupervised losses, which improves the performance of the model without relying on ground-truth
novel views. Additionally, to further improve perfrormance, we develop an automatic data curation
method to collect high-quality shape instances from in-the-wild data. Compared with previous works,
Real3D demonstrates consistent improvements across diverse evaluation sets and highlights the
potential of improving Large Reconstruction Models by training on large-scale image collections.

Limitation and Broader Impacts. One limitation of Real3D is using constant intrinsics during
self-training, due to the unknown intrinsics for in-the-wild images. Although it has been proven
helpful, we might observe larger improvements by incorporating an intrinsics estimation module.
Real3D is a step towards a foundation model for 3D reconstruction, which has the potential to be
widely applicable for AR/VR, AIGC, and Animation applications.
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Appendices
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Figure 6: The occlusion detection pipeline for data curation.

A More Training Details

Training. As we discussed, TripoSR predicts reconstruction with random scales on different inputs.
The reason is that TripoSR is not conditioned on the input view camera pose and intrinsics. Thus,
the model is encouraged to guess the object scale [70]. Moreover, TripoSR is trained on a set of
Objaverse data rendered using different rendering settings. Thus, TripoSR usually overfits the training
scales and can not predict the scales accurately for images rendered in different settings or in-the-wild
real images. The scale of the object in the output triplane can vary and may not be consistent with
regard to the scale variation in the input images. Specifically, the inaccurate scales are manifested as
the misalignment between the rendered and original input view when using a canonical camera pose
with a constant translation vector. And the misalignment of the scale is random.

We fine-tune TripoSR to solve the problem, using the Objaverse images rendered with a constant
camera translation scale. We use a learning rate 4e — 5 with AdamW optimizer and warmup iteration
3,000. It is fine-tuned with 40, 000 iterations with an equivalent batch size of 80.

For all training, we 31, 32, € of AdamW as 0.9, 0.96, and 1e — 6. We use a weight decay of 0.05
and perform gradient clipping with the max gradient scale of 1.0. During training, we render images
with a resolution of 128 x 128. For each pixel, we sample 128 points along its ray. For the images
in the real dataset, we crop the instance with a random expanding ratio in [1.45, 1.7] of the longer
side of the instance bounding box. Our inputs have a resolution of H = W = 512 and the triplane
has a resolution of h = w = 64. As TripoSR requires inputs with a gray background, we render a
density mask 74 together with the color image I £ when calculating the cycle-consistency pixel-level
loss. We apply the rendered density mask to make the background gray. We use 8 GPUs with 48G B
memory. It takes 4 days for training.

Evaluation. As our model inherits the model architecture of TripoSR, it can not handle real
data input with non-centered principle points. To evaluate the models, we select a subset of
MVImgNet and CO3D of 100 instances and use the image where the center of its instance mask
is closest to the image center as input. We mask the background and perform center cropping
with an expanding ratio of 1.6 times the mask bounding box size. We do not have any require-
ments for the target novel views. Besides, we use the provided COLMAP point cloud to nor-
malize the camera poses. We normalize the input pose as the canonical pose ¢. The poses
of other views are normalized with similarity transformations accordingly, following LRM [22].
We evaluate CO3D and MVImgNet with 5 views for each instance and evaluate OmniObject3D
with 10 views for each instance. To evaluate the self-consistency, we use intermediate camera
pose with the azimuth of [0, 30, 60, —30, —60, 30, 60, —30, —60, 30, 60, —30, —60] and elevation of
[0,0,0,0,0,30, 30,30, 30, 60, 60, 60, 60]. These viewpoints cover the front of the shape, which is
designed for methods with generative priors in case the generated random background influences the
evaluation results for fair comparisons.
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Table 6: Evaluation results on the real-world in-domain MVImageNet dataset. We note that LRM* is trained on
multi-view data of MVImgeNet as an oracle comparison (results in ). TripoSR is the original TripoSR
without our fine-tuning. Real3D? is trained on single-view images of MVImgNet without access to the multi-

view information. We highlight the best results. We also include the gain (A) by using real data.

Eval. on GT Novel Views
Novel View Synthesis Quality

MVImgNet CO3D OmniObject3D
Method PSNR; | SSIM; | LPIPS; | PSNR; | SSIM; | LPIPS, | PSNR; | SSIM; | LPIPS,
LRM [19] 1975 [ 0864 [ 0.112 [ 1831 | 0.849 [ 0.126 | 1820 | 0.831 | 0.144

LRM* [19]

TripoSRT [70] 17.37 0.830 0.170 15.94 0.812 0.181 17.28 0.810 0.180

TripoSR [70] 19.81 0.864 0.116 18.44 0.848 0.127 19.43 0.847 0.128
Real3D$ (ours) | 20.33 0.869 0.111 19.03 0.854 0.119 19.98 0.854 0.121
Aours® 0.520 0.005 0.005 0.590 0.006 0.008 0.550 0.003 0.007

B Data Curation Details

We filter the instances with three criteria. First, we filter truncated and small instances. This is
achieved with simple heuristics by thresholding the instance scale and its distance to the image
boundary. We use an instance scale threshold of 100 pixels and a boundary distance threshold of 10
pixels.

Second, We filter instances by their category. We empirically observe the LRM can not effectively
reconstruct instances belonging to specific categories, e.g. bus. The reason is the large scale-variance
between the front view and the side view. For example, when seeing the bus from a front view, the
model can not reconstruct its side view with the correct scales, as the latent triplane representation
has a cubic physical size. We observe that performing self-training on these instances harms the
performance instead. We note this is a limitation of the Triplane-based LRM base model rather than
our self-training framework.

Third, we filter the occluded instances. As shown in Fig. 6, we leverage the synergy between instance
segmentation and single-view depth estimation for occlusion detection. We first detect the mask
boundaries and then calculate the boundary parts that are contacting other instances. We use an
erosion operation with kernel size 9 for boundary detection. The boundary is calculated as the
difference between the eroded and the original instance mask. To detect boundaries that contact
other instances, we use another erosion operation with kernel size 15. We erode the boundary of the
current instance, then the contacting boundary is defined as its overlap region with the boundary of
any other instances. We then determine whether an object is occluded based on whether it “owns" the
boundary. For each instance, we sample N = 20 points (with return) on the boundary that contacts
other instances. We then calculate the normal direction of the boundary at the sampled points. In
detail, we use the Sobel operator to calculate the boundary tangent and normal direction. We note
that we ignore the points whose 8 neighbors are all positive, during the point sampling process. We
can easily know the outer and inner-mask normal directions by querying the instance mask. If the
query results are both negative or positive, potentially due to the non-convex local boundary, we reject
the object. Then we sample one point along each normal direction, where the sampling distance is
0.05 * s, where s = (b, + b,)/2 and b,, b, are the size of the mask bounding box in x and y-axis.
We then query the estimated depth at the two sampled points, denoted as D;,ner and Dyyper. If
Dinner/Douter is smaller than 0.95, we consider the point occluded. If half of the sampled points
on the boundary are considered occluded, they vote the object as occluded. We note that all the
aggressive strategies are used to avoid false negative occlusion detection results.

We use DECOLA [8] and Depth Anything [89] for instance segmentation and depth estimation. We
use a confidence threshold of 0.3 to filter the detection results of DECOLA. We use this low threshold
for detecting all instances in the image, as any non-detected object affects the occlusion detection
results. However, we empirically observe that a too-low confidence threshold, e.g. 0.1, will lead to
over-segmentation and false positive detection results.

16



C More Results and Ablations
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Figure 7: Visualization of ablation experiments on MVImgNet.
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Effectiveness of Self-Training. To further evaluate the effectiveness of self-training, we compare
LRM* and a Real3D training with MVImgNet single-view images. In this comparison, LRM* and
Real3D have a similar real-world training data distribution. We note that LRM* is trained with
multi-view data, where each instance of MVImgNet contains about 30 views. In contrast, Real3D
only uses one image of each instance. Thus, Real3D uses the same number of shape instances for
training as LRM™, but the number of training images is 30x less. As shown in Table 6, Real3D
outperforms LRM* and achieves larger improvements in most of the results, demonstrating the

effectiveness of our self-training strategy.

Original TripoSR Performance We also report the performance of original TripoSR (denoted
as TripoSRT) in Table 6. Due to its random scale prediction, we observe low evaluation metrics of
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Figure 8: Visual comparison with prior works and ground-truth novel views.

TripoSRT. We use a grid search to find the best evaluation metrics by using different camera-to-world
distances.

Visualization of Ablations. We visualize the reconstruction of ablated models in Fig. 7. Using
naive consistency loss makes the model copy the front of the object to the back of the reconstruction.
Using an end-to-end cycle-consistency loss makes the reconstructions deformed in a wrong manner.
Our full model can reconstruct the geometry correctly, especially the concave local geometry.
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D More Visualization

We include additional visualization in Fig.8. We observe that methods with generative priors usually
suffer from unrealistic reconstruction, where the synthesized novel views of real objects are incorrect.
This leads to the compounding error of the two-stage generation-then-reconstruction framework.
Moreover, we also observe these methods usually suffer from not photo-realistic reconstruction at the
back views and unaligned reconstruction content with the input images. In some other cases, they
can produce high-quality reconstruction, while the reconstruction content, object scale, and object
pose are different from the input image.
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