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Figure 1. SAM 3D converts a single image into a composable 3D scene made of individual objects: Our method predicts per-object
geometry, texture, and layout, enabling full scene reconstruction. Bottom: high-quality 3D assets recovered for each object.

Abstract

We present SAM 3D, a generative model for visually
grounded 3D object reconstruction, predicting geometry,
texture, and layout from a single image. SAM 3D excels
in natural images, where occlusion and scene clutter are
common and visual recognition cues from context play a
larger role. We achieve this with a human- and model-
in-the-loop pipeline for annotating object shape, texture,
and pose, providing visually grounded 3D reconstruction
data at unprecedented scale. We learn from this data in
a modern, multi-stage training framework that combines
synthetic pretraining with real-world alignment, breaking
the 3D “data barrier”. We obtain significant gains over
recent work, with at least a 5 : 1 win rate in human prefer-
ence tests on real-world objects and scenes. We release our
code, model weights, an online demo, and a new challeng-
ing benchmark for in-the-wild 3D object reconstruction at
https://ai.meta.com/sam3d .

1. Introduction

In this paper (see Fig. 1) we present SAM 3D, a generative
neural network for 3D reconstruction from a single image.
The model can reconstruct 3D shape and texture for any
object, as well as its layout with respect to the camera, even
in complex scenes with significant clutter and occlusion. As
the reconstruction is of full 3D shape, not just of the visible
2.5D surface, one can then re-render the object from any
desired viewpoint.

Computer vision has traditionally focused on multi-view
geometry as providing the primary signal for 3D shape. How-
ever psychologists (and artists before them) have long known
that humans can perceive depth and shape from a single im-
age, e.g. Koenderink et al. [45] demonstrated this elegantly
by showing that humans can estimate surface normals at
probe points on an object’s image, which can then be in-
tegrated to a full surface. In psychology textbooks these
single image cues to 3D shape are called “pictorial cues”,
and include information such as in shading and texture pat-
terns, but also recognition - the “familiar object” cue. In
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computer vision, this line of research dates back to Roberts
[80], who showed that once an image pattern was recog-
nized as a known object, its 3D shape and pose could be
recovered. The central insight is that recognition enables 3D
reconstruction, an idea that has since resurfaced in different
technical instantiations [9, 15, 30, 41, 108, 112]. Note that
this permits generalization to novel objects, because even if
a specific object has not been seen before, it is made up of
parts seen before.

A fundamental challenge for learning such models is the
lack of data: specifically, natural images paired with 3D
ground truth are difficult to obtain at scale. Recent work
[112, 120] has shown strong reconstruction from single im-
ages. However, these models are trained on isolated objects
and struggle with objects in natural scenes, where they may
be distant or heavily occluded. To add such images to the
training set, we need to find a way to associate specific ob-
jects in such images with 3D shape models, acknowledging
that generalist human annotators find it hard to do so (unlike,
say, attaching a label like “cat” or marking its boundary).
Two insights made this possible:
• We can create synthetic scenes where 3D object models are

rendered and pasted into images (inspired by Dosovitskiy
et al. [21]).

• While humans can’t easily generate 3D shape models for
objects, they can select the likely best 3D model from a
set of proffered choices and align its pose to the image (or
declare that none of the choices is good).
We design a training pipeline and data engine by adapting

modern, multistage training recipes pioneered by LLMs [65,
66]. As in recent works, we first train on a large collection
of rendered synthetic objects. This is supervised pretraining:
our model learns a rich vocabulary for object shape and
texture, preparing it for real-world reconstruction. Next is
mid-training with semi-synthetic data produced by pasting
rendered models into natural images. Finally, post-training
adapts the model to real images, using both a novel model-in-
the-loop (MITL) pipeline and human 3D artists, and aligns
it to human preference. We find that synthetic pretraining
generalizes, given adequate post-training on natural images.

Our post-training data, obtained from our MITL data
pipeline, is key to obtaining good performance in natural
images. Generalist human annotators aren’t capable of pro-
ducing 3D shape ground truth; hence our annotators select
and align 3D models to objects in images from the output of
modules – computational and retrieval-based – that produce
multiple initial 3D shape proposals. Human annotators select
from these proposals, or route them to human artists for a
subset of hard instances. The vetted annotations feed back
into model training, and the improved model is reintegrated
into the data engine to further boost annotation quality. This
virtuous cycle steadily improves the quality of 3D annota-
tions, labeling rates, and model performance.

Due to the lack of prior benchmarks for real-world 3D
reconstruction of object shape and layout, we propose a
new evaluation set of 1, 000 image and 3D pairs: SAM 3D
Artist Objects (SA-3DAO). The objects in our benchmark
range from churches, ski lifts, and large structures to ani-
mals, everyday household items, and rare objects, and are
paired with the real-world images in which they naturally ap-
pear. Professional 3D artists create 3D shapes from the input
image, representing an expert human upper bound for visu-
ally grounded 3D reconstruction. We hope that contributing
such an evaluation benchmark helps accelerate subsequent
research iteration of real-world 3D reconstruction models.
We summarize our contributions as follows:
• We introduce SAM 3D, a new foundation model for 3D

that predicts object shape, texture, and pose from a single
image. By releasing code, model weights, and a demo, we
hope to stimulate further advancements in 3D reconstruc-
tion and downstream applications of 3D.

• We build a MITL pipeline for annotating shape, texture,
and pose data, providing visually grounded 3D reconstruc-
tion data at unprecedented scale.

• We exploit this data via LLM-style pretraining and post-
training in a novel framework for 3D reconstruction, com-
bining synthetic pretraining with real-world alignment to
overcome the orders of magnitude data gap between 3D
and domains such as text, images, or video.

• We release a challenging benchmark for real-world 3D
object reconstruction, SA-3DAO. Experiments show SAM
3D’s significant gains via metrics and large-scale human
preference.

2. The SAM 3D Model
2.1. Problem Formulation
The act of taking a photograph maps a 3D object to a set of
2D pixels, specified by a mask M in an image I . We seek to
invert this map. Let the object have shape S, texture T , and
rotation, translation and scale (R, t, s) in camera coordinates.
Since the 3D to 2D map is lossy, we model the reconstruction
problem as a conditional distribution p(S, T,R, t, s|I,M).
Our goal is to train a generative model q(S, T,R, t, s|I,M)
that approximates p as closely as possible.

2.2. Architecture
We build upon recent SOTA two-stage latent flow matching
architectures [112]. SAM 3D first jointly predicts object
pose and coarse shape, then refines the shapes by integrating
pictorial cues (see Fig. 2). Unlike Xiang et al. [112] that
reconstructs isolated objects, SAM 3D predicts object layout,
creating coherent multi-object scenes.

Input encoding. We use DINOv2 [70] as an encoder to
extract features from two pairs of images, resulting in 4 sets
of conditioning tokens:
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Figure 2. SAM 3D architecture. (top) SAM 3D first predicts coarse shape and layout with the Geometry model; (right) the mixture of
transformers architecture apply a two-stream approach with information sharing in the multi-modal self-attention layer. (bottom) The voxels
predicted by the Geometry model are passed to the Texture & Refinement model, which adds higher resolution detail and textures.

• Cropped object: We encode the cropped image I by mask
M and its corresponding cropped binary mask, providing
a focused, high-resolution view of the object.

• Full image: We encode the full image I and its full image
binary mask, providing global scene context and recogni-
tion cues absent from the cropped view.

Optionally, the model supports conditioning on a coarse
scene point map, P obtained via hardware sensors (e.g.,
LiDAR on an iPhone), or monocular depth estimation [100,
119], enabling SAM 3D to integrate with other pipelines.

The Geometry Model models the conditional distribution
p(O,R, t, s|I,M), where O → R64

3

is coarse shape, R →
R6 the 6D rotation [127], t → R3 the translation, and s →
R3 the scale. Conditioned on the input image and mask
encodings, we employ a 1.2B parameter flow transformer
with the Mixture-of-Transformers (MoT) architecture [18,
53], modeling geometry O and layout (R, t, s) using the
attention mask in Fig. 2. See Sec. D.1 for details.

The Texture & Refinement Model learns the conditional
distribution p(S, T |I,M,O). We first extract active voxels
from the coarse shape O predicted by Geometry model. A
600M parameter sparse latent flow transformer [73, 112]
refines geometric details and synthesizes object texture.

3D Decoders. The latent representations from the Texture
& Refinement Model can be decoded to either mesh or 3D
Gaussian splats via a pair of VAE decoders Dm, Dg . These
separately-trained decoders share the same VAE encoder and
hence the same structured latent space [112]. We also detail
several improvements in Sec. D.6.

3. Training SAM 3D

SAM 3D breaks the 3D data barrier using a recipe that pro-
gresses from synthetic pretraining to natural post-training,
adapting the playbook from LLMs, robotics, and other large
generative models. We build capabilities by stacking dif-
ferent training strategies in pre- and mid-training, and then
align the model to real data and human-preferred behaviors
through a post-training data flywheel. SAM 3D uses the
following approach:

Step 1: Pretraining. This phase builds foundational capa-
bilities, such as shape generation, into a base model.

Step 1.5: Mid-Training. Sometimes called continued pre-
training, mid-training imparts general skills such as occlu-
sion robustness, mask-following, and using visual cues.

Step 2: Post-Training. Post-training elicits target behavior,
such as adapting the model from synthetic to real-world
data or following human aesthetic preferences. We collect
training samples (I,M) ↑ (S, T,R, t, s) and preference
data from humans and use them in both supervised finetuning
(SFT) and direct preference optimization (DPO) [75].

This alignment (step 2) can be repeated, first collecting
data with the current model and then improving the model
with the new data. This creates a virtuous cycle with humans
providing the supervision. Fig. 9b shows that as we run the
data engine longer, model performance steadily improves;
dataset generation emerges as a byproduct of this alignment.

The following sections detail the training objectives and
data sources used in SAM 3D. We focus on the Geometry
model; Texture & Refinement is trained similarly (details
in Sec. D.5). Training hyper-parameters are in Sec. D.7.
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Figure 3. SAM 3D data, with a green outline around the target object, and the ground truth mesh shown in the bottom right. Samples are
divided into four rows, based on type. Art-3DO meshes are untextured, while the rest may be textured or not, depending on the underlying
asset (Iso-3DO, RP-3DO) or if the mesh was annotated for texture (MITL-3DO).

Figure 4. SAM 3D training paradigm. We employ a multi-stage pipeline incrementally exposing
the model to increasingly complex data and modalities.

Training stage Modalities Datasets Condition input
Stage 1 Geometry model
Pre-training S,R Iso-3DO object-centric crop

Mid-training S,R RP-3DO† full image
S,R, t, s ProcThor, RP-3DO‡ full image, pointmap→

SFT S,R, t, s MITL, SA-3DAO full image, pointmap→
Alignment S MITL preference full image, pointmap→

Stage 2 Texture & refinement model
Pre-training T Trellis-500K [112] object-centric crop
Mid-training T RP-3DO†,§ full image
SFT T MITL full image
Alignment T MITL preference full image

→ optional.
† Flying occlusion (FO), ‡ Object Swap-Random (OS-R), § Object
Swap-Annotated (OS-A) from RP-3DO. See Sec. C.2 for details.

Table 1. SAM 3D training stages.

3.1. Pre & Mid-Training: Building a Base Model
Training begins with synthetic pretraining and mid-training,
leveraging available large-scale datasets to learn strong priors
for shape and texture, and skills such as mask-following,
occlusion handling, and pose estimation. The rich features
learned here drastically reduce the number of labeled real-
world samples required in post-training [37], which generally
incur acquisition costs. In pre- and mid-training, models
are trained with rectified conditional flow matching [57] to
generate multiple 3D modalities (see Sec. D.2).

3.1.1. Pretraining: Single Isolated 3D Assets
Pretraining trains the model to reconstruct accurate 3D
shapes and textures from renders of isolated synthetic ob-

jects, following the successful recipes from [109, 112, 120].
Specifically, we gather a set of image I , shape S, and texture
T triplets, using 2.7 million object meshes from Objaverse-
XL [17] and licensed datasets, and render them from 24
viewpoints, each producing a high-resolution image of a
single centered object; more detail in Sec. C.1. We call this
dataset Iso-3DO and train for 2.5 trillion training tokens.

3.1.2. Mid-Training: Semi-Synthetic Capabilities
Next, mid-training builds up foundational skills that will
enable the model to handle objects in real-world images:
• Mask-following: We train the model to reconstruct a target

object, defined by a binary mask on the input image.
• Occlusion robustness: The artificial occluders in our
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Figure 5. Life of an example going through the data collection pipeline. We streamline annotation by breaking it into subtasks: annotators
first choose target objects (Stage 1); rank and select 3D model candidates (Stage 2); then pose these models within a 2.5D scene (Stage 3).
Stages 2 and 3 use model-in-the-loop.

dataset incentivize learning shape completion.
• Layout estimation: We train the model to produce transla-

tion and scale in normalized camera coordinates.
We construct our data by rendering textured meshes into

natural images using alpha compositing. This “render-paste”
dataset contains one subset of occluder-occludee pairs, and
another subset with real objects replaced by synthetic objects
at similar location and scale, creating physically-plausible
data with accurate 3D ground truth. We call these 61 million
samples with 2.8 million unique meshes RP-3DO; Fig. 3
shows examples. See Sec. C.2 for more details.

After mid-training (2.7 trillion training tokens), the model
has now been trained with all input and output modalities for
visually grounded 3D reconstruction. However, all data used
has been (semi-)synthetic; to both close the domain gap and
fully leverage real-world cues, we need real images.

3.2. Post-Training: Real-World Alignment Loop
In post-training, we have two goals. The first is to close
the domain gap between (semi-)synthetic data and natural
images. The second is to align with human preference for
shape quality. We adapt the model by using our data engine
iteratively; we first (i) collect training data with the current
model, and then (ii) update our model using multi-stage
post-training on this collected data. We then repeat.

3.2.1. Post-Training: Collection Step
The core challenge with collecting data for 3D visual ground-
ing is that most people cannot create meshes directly; this
requires skilled 3D artists, who even then can take multiple
hours. This is different from the segmentation masks col-
lected in SAM [44]. However, given options, most people
can choose which mesh resembles an object in the image
most accurately. This fact forms the foundation of our data
collection for SAM 3D. We convert preferences into training
data as follows: sample from our post-trained model, ask
annotators to choose the best candidate and then grade its
overall quality according to a rubric which we define and
update. If the quality meets the (evolving) bar, the candidate
becomes a training sample.

Unfortunately at the first iteration, our initial model yields
few high-quality candidates. This is because before the
first collection step, very little real-world data for 3D visual
grounding exists. We deal with this cold start problem by
leveraging a suite of existing learned and retrieval-based
models to produce candidates. In early stages, we draw
mostly from the ensemble, but as training progresses our
best model dominates, eventually producing about 80% of
the annotated data seen by SAM 3D.

Our annotation pipeline collects 3D object shape S, tex-
ture T , orientation R, 3D location t, and scale s from real-
world images. We streamline the process by dividing into
subtasks and leveraging existing appropriate models and hu-
man annotators within each (see Fig. 5): identifying target
objects, 3D model ranking and selection, and posing these
within a 3D scene (relative to a point map). We outline each
stage of the data engine below and present details in Sec. B.
In total, we annotate almost 1 million images with ↓ 3.14
million untextured meshes and ↓ 100K textured meshes–
unprecedented scale for 3D data paired with natural images.

Stage 1: Choosing target objects (I,M ). The goal of this
stage is to identify a large, diverse set of images I and ob-
ject masks M to lift to 3D. To ensure generalization across
objects and scenes, we sample images from several diverse
real-world datasets, and utilize a 3D-oriented taxonomy to
balance the object distribution. To obtain object segmenta-
tion masks, we use a combination of pre-existing annota-
tions [44] and human labelers selecting objects of interest.

Stage 2: Object model ranking and selection (S, T ). The
goal of this stage is to collect image-grounded 3D shape
S and texture T . As described above, human annotators
choose shape and texture candidates which best match the
input image and mask. Annotators rate the example r and
reject chosen examples that do not meet a predefined quality
threshold, i.e. r < ω. Bad candidates also become negative
examples for preference alignment.

Our data engine maximizes the likelihood of a successful
annotation, r > ω, by asking annotators to choose between
N = 8 candidates from the ensemble; a form of best-of-
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Figure 6. Qualitative comparison to competing image-to-3D methods. (left) We compare to the recent Trellis [112], Hunyuan3D-2.1 [39],
Direct3D-S2 [110] and Hi3DGen [122] on the artist-generated SA-3DAO for single shape reconstruction; we provide the 3D artist-created
ground truth mesh as reference. (right) We show SAM 3D’s full 3D scene reconstructions versus alternatives [38, 103].

SA-3DAO ISO3D Eval Set

Model F1@0.01 (↔) vIoU (↔) Chamfer (↗) EMD (↗) ULIP (↔) Uni3D (↔)

Trellis 0.1475 0.1392 0.0902 0.2131 0.1473 0.3698
HY3D-2.1 0.1399 0.1266 0.1126 0.2432 0.1293 0.3546
HY3D-2.0 0.1574 0.1504 0.0866 0.2049 0.1484 0.3662
Direct3D-S2 0.1513 0.1465 0.0962 0.2160 0.1405 0.3653
TripoSG 0.1533 0.1445 0.0844 0.2057 0.1529 0.3687
Hi3DGen 0.1629 0.1531 0.0937 0.2134 0.1419 0.3594

SAM 3D 0.2344 0.2311 0.0400 0.1211 0.1488 0.3707

Table 2. 3D shape quantitative comparison to competing image-
to-3D methods, including Trellis [112], HY3D-2.1 [39], HY3D-
2.0 [92], Direct3D-S2 [110], TripoSG [52], Hi3DGen [122]. SA-
3DAO shows metrics that measure accuracy against GT geome-
try; ISO3D [22] has no geometric GT and so we show percep-
tual similarities between 3D and input images (ULIP [118] and
Uni3D [126]). TripoSG uses a significantly higher mesh resolution,
which is rewarded in perceptual metrics.

N search [71] using humans. The expected quality of this
best candidate improves with N , and we further increase N

by first filtering using a model, and then filtering using the
human [2]; we show results in Sec. B.7.

Stage 2.5: Hard example triage (Artists). When no model
produces a reasonable object shape, our non-specialist anno-
tators cannot correct the meshes, resulting in a lack of data
precisely where the model needs it most. We route a small
percentage of these hardest cases to professional 3D artists
for direct annotation, and we denote this set Art-3DO.

Stage 3: Aligning objects to 2.5D scene (R, t, s). The
previous stages produce a 3D shape for the object, but not its
layout in the scene. For each Stage 2 shape, annotators label
the object pose by manipulating the 3D object’s translation,
rotation, and scale relative to a point cloud. We find that
point clouds provide enough structure to enable consistent
shape placement and orientation.

In general, we can think of the data collection as an API
that takes a current best model, q(S, T,R, t, s | I,M), and
returns (i) training samples D+ = (I,M, S, T,R, t, s), (ii)
a quality rating r → [0, 1], and (iii) a set of less preferred can-

didates (D↓ = (I,M, S
↔
, T

↔
, R

↔
, t

↔
, s

↔)) that are all worse
than the training sample.

3.2.2. Post-Training: Model Improvement Step
The model improvement step in SAM 3D uses these training
samples and preference results to update the base model
through multiple stages of finetuning and preference align-
ment. Within each post-training iteration we aggregate data
from all previous collection steps; keeping only samples
where D

+ is above some quality threshold ω. As training
progresses, ω can increase over time, similar to the cross-
entropy method for optimization [14]. Our final post-training
iteration uses 0.5 trillion training tokens.

Supervised Fine-Tuning (SFT). When post-training begins,
the base model has only seen synthetic data. Due to the large
domain gap between synthetic and real-world data, we begin
by finetuning on our aligned meshes from stage 3.

We begin SFT with the noisier non-expert labels (MITL-
3DO), followed by the smaller, high-quality set from 3D
artists (Art-3DO). The high quality Art-3DO data enhances
model quality by aligning outputs with artists’ aesthetic pref-
erences. We find this helps suppress common failures, e.g.
floaters, bottomless meshes, and missing symmetry.

Preference optimization (alignment). After fine-tuning,
the model can robustly generate shape and layout for diverse
objects and real-world images. However, humans are sen-
sitive to properties like symmetry, closure, etc. which are
difficult to capture with generic objectives like flow match-
ing. Thus, we follow SFT with a stage of direct preference
optimization (DPO) [75], using D+/D↓ pairs from Stage
2 of our data engine. We found this off-policy data was ef-
fective at eliminating undesirable model outputs, even after
SFT on Art-3DO. DPO training details are in Sec. D.3.

Distillation. Finally, to enable sub-second shape and layout
from the Geometry model, we finish a short distillation stage
to reduce the number of function evaluations (NFE) required
during inference from 25 ↑ 4. We adapt Frans et al. [25] to
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SA-3DAO Aria Digital Twin

Generation Model 3D IoU (↔) ICP-Rot. (↗) ADD-S (↗) ADD-S @ 0.1 (↔) 3D IoU (↔) ICP-Rot. (↗) ADD-S (↗) ADD-S @ 0.1 (↔)

Pipeline Trellis + Megapose 0.2449 39.3866 0.5391 0.2831 0.2531 33.6114 0.4358 0.1971
Pipeline HY3D-2.0 + Megapose 0.2518 33.8307 0.7146 0.3647 0.3794 29.0066 0.1457 0.4211
Pipeline HY3D-2.0 + FoundationPose 0.2937 32.9444 0.3705 0.5396 0.3864 25.1435 0.1026 0.5992
Pipeline HY3D-2.1 + FoundationPose 0.2395 39.8357 0.4186 0.4177 0.2795 33.1197 0.2135 0.4129
Pipeline SAM 3D + FoundationPose 0.2837 32.9168 0.3848 0.5079 0.3661 18.9102 0.0930 0.6495

Joint MIDI - - - - 0.0336 44.2353 2.5278 0.0175

Joint SAM 3D 0.4254 20.7667 0.2661 0.7232 0.4970 15.2515 0.0765 0.7673

Table 3. 3D layout quantitative comparison to competing layout prediction methods on SA-3DAO and Aria Digital Twin [72]. SAM 3D
significantly outperforms both pipeline approaches used in robotics [47, 103] and joint generative models (MIDI [38]). Most SA-3DAO
scenes only contain one object so we do not show MIDI results that require multi-object alignment. The metrics measure bounding box
overlap, rotation error, and chamfer-like distances normalized by object diameter.

Figure 7. Preference comparison on scene-level and object-level
reconstruction. Numbers indicate human preference rates. Objects
comparisons are done on textured meshes. SAM 3D is significantly
preferred over others on all fronts.

our setting, and describe the details in Sec. D.4.

4. Experiments

Dataset. To comprehensively evaluate the model capabil-
ity under real-world scenarios, we carefully build a new
benchmark SA-3DAO, consisting of 1K 3D artist-created
meshes created from natural images. We also include ISO3D
from 3D Arena [22] for quantitatively evaluating shape and
texture, and Aria Digital Twin (ADT) [72] for layout. We
further conduct human preference evaluation on two curated
sets for both scene-level and object-level reconstruction. The
Pref Set uses real-world images from MetaCLIP [115] and
SA-1B [44], as well as a set based on LVIS [35]. Refer
to Sec. E for details on evaluation sets.

Settings. We conduct experiments with a Geometry model
trained to condition on pointmaps. When pointmaps are un-
available, we estimate them with Wang et al. [100]. We
found that shape and texture quality do not depend on
whether the model is trained with pointmap conditioning (see
Sec. F.5), but layout (translation/scale) evaluation in Tab. 3
requires ground-truth depth/pointmap as reference.

4.1. Comparison with SOTA

3D shape and texture. We evaluate single-object generation
by comparing SAM 3D with prior state-of-the-art (SOTA)

Figure 8. Preference comparison on texture. Since SAM 3D
provides higher quality shape, we use the geometry results from
SAM 3D and only perform texture generations for all methods.
SAM 3D significantly outperforms others.

methods. In human preference studies, SAM 3D achieves an
5 : 1 head-to-head win rate on real images (see Fig. 7).
Tab. 2 presents quantitative evaluation on shape quality,
where SAM 3D matches or exceeds previous SOTA perfor-
mance on isolated object images (ISO3D), and significantly
outperforms all baselines on challenging real-world inputs
(SA-3DAO). Qualitative examples in Fig. 6 further illustrate
the model’s strong generalization under heavy occlusion.
In Fig. 8, we compare SAM 3D texture vs. other texture
models, given SAM 3D shapes (SAM 3D’s improved shape
actually benefits other methods in this eval). Annotators
significantly prefer SAM 3D texture (details in Sec. F.2).

3D scene reconstruction. In preference tests on three evalu-
ation sets, users prefer scene reconstructions from SAM 3D
by 6 : 1 over prior SOTA (Fig. 7). Fig. 6 and Fig. 21 in the
appendix shows qualitative comparisons, while Tab. 3 shows
quantitative metrics for object layout. On real-world data
like SA-3DAO and ADT, the improvement is significant and
persists even when pipeline approaches use SAM 3D meshes.
SAM 3D introduces a new real-world capability to gener-
ate shape and layout jointly (ADD-S @ 0.1 2% ↑ 77%),
and a sample-then-optimize approach, as in the render-and-
compare approaches [47, 103] can further improve perfor-
mance (Sec. F.3). The strong results for layout and scene
reconstruction demonstrate that SAM 3D can robustly handle
both RGB-only inputs (e.g., SA-3DAO, LVIS, Pref Set) as
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(a) Historical Elo in data engine (b) Expanding training data alone

Figure 9. Data engine with additional iterations. The plots
show Elo scores of different models; a 400 point Elo difference
corresponds to 10:1 odds in a preference test. Models were (a)
checkpoints around 3 weeks apart, indicating cumulative improve-
ments as we scale and add different stages and (b) post-trained
(SFT) using expanded training data.

well as provided pointmaps (e.g., ADT). Moreover, SAM 3D
is modular w.r.t. the depth estimator: annotators preferred
outputs using an improved estimator not seen during training

4.2. Analysis Studies

Post-training iterations steadily improve performance.
We observed steady improvements as we ran the data engine
for longer, with near-linear Elo scaling shown in the histori-
cal comparisons from Stage 2 of our data engine (Fig. 9a).
We found it important to scale all stages simultaneously. The
cumulatively linear effect results from more data engine iter-
ations, along with scaling up pretraining, mid-training, and
adding new post-training stages. Fig. 9b shows that iterating
MITL-3DO data alone yields consistent improvements but
with decreasing marginal impact.

Multi-stage training improves performance. SAM 3D’s
real-world performance emerges through multi-stage train-
ing. Tab. 4 reveals near-monotonic 3D shape improvements
as each training stage is added, validating the approach that
leads to the final model (last row). In the appendix, Fig. 16
shows similar results for texture and Tab. 7 shows the contri-
bution of each individual real-world data stage, by knocking
out the MITL-3DO, Art-3DO data, or DPO stages.

Additional ablations. Please see the appendix for addi-
tional ablations on rotation representation (Sec. F.4), DPO
(Sec. D.3), distillation (Sec. D.4), pointmaps (Sec. F.5), and
scaling best-of-N in the data engine (Sec. B.7).

5. Related Work
3D reconstruction from images is a longstanding challenge
of computer vision, spanning multi-view methods [36, 64],
single-view approaches using direct 3D supervision or gen-
erative models [92, 112, 125], and layout estimation that
extends to full scenes [6, 38]. Recent generative methods
show strong results on isolated synthetic objects [11, 17],

SA-3DAO Preference set

Training Stage F1 @ 0.01 (↔) vIoU (↔) Chamfer (↗) EMD (↗) Texture WR (↔)

Pre-training (Iso-3DO) 0.1349 0.1202 0.1036 0.2396 -
+ Mid-training (RP-3DO) 0.1705 0.1683 0.0760 0.1821 60.7
+ SFT (MITL-3DO) 0.2027 0.2025 0.0578 0.1510 66.9
+ DPO (MITL-3DO) 0.2156 0.2156 0.0498 0.1367 66.4
+ SFT (Art-3DO) 0.2331 0.2337 0.0445 0.1257 -
+ DPO (Art-3DO) 0.2344 0.2311 0.0400 0.1211 -

Table 4. Cumulative improvements from multi-stage training
on 3D shape and texture. For texture, we report win rates (WR)
between each row and the row above it.

but training such models requires large-scale 3D data, which
remains scarce for real-world images; SAM 3D addresses
this through multi-stage training and a post-training data
engine that provides diverse real-world 3D supervision. We
provide a full discussion of related work in Sec. A.

6. Conclusion
We share SAM 3D: a new foundation model for full recon-
struction of 3D shape, texture, and layout of objects from
natural images. SAM 3D’s robustness on in-the-wild images
is made possible by an innovative post-training data engine
combining model-in-the-loop proposals with human annota-
tion, and a multi-stage training recipe that bridges synthetic
pretraining with real-world alignment. In human preference
studies, SAM 3D achieves a 5:1 win rate over prior state
of the art on real-world objects and 6:1 on scenes. We also
contribute SA-3DAO, a new benchmark of 1K artist-created
3D meshes from natural images, to support future research
on real-world 3D reconstruction. With the release of our
model, code, and benchmark, we expect SAM 3D to unlock
new capabilities across diverse applications, such as robotics,
AR/VR, gaming, film, and interactive media.
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Rädle, Chloe Rolland, Laura Gustafson, et al. Sam 2: Seg-
ment anything in images and videos. In International Con-
ference on Learning Representations, 2025. 15

[78] Jeremy Reizenstein, Roman Shapovalov, Philipp Henzler,
Luca Sbordone, Patrick Labatut, and David Novotny. Com-
mon objects in 3d: Large-scale learning and evaluation of
real-life 3d category reconstruction. In Proceedings of the
IEEE/CVF international conference on computer vision,
pages 10901–10911, 2021. 1

[79] Xuanchi Ren, Jiahui Huang, Xiaohui Zeng, Ken Museth,
Sanja Fidler, and Francis Williams. Xcube: Large-scale 3d
generative modeling using sparse voxel hierarchies. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, pages 4209–4219, 2024. 1

[80] Lawrence G Roberts. Machine perception of three-
dimensional solids. PhD thesis, Massachusetts Institute
of Technology, 1963. 2

[81] Baptiste Rozière, Jonas Gehring, Fabian Gloeckle, Sten
Sootla, Itai Gat, Xiaoqing Ellen Tan, Yossi Adi, Jingyu
Liu, Romain Sauvestre, Tal Remez, Jérémy Rapin, Artyom
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