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Figure 1. Full-body human mesh recovery results using SAM 3D Body (3DB). Our model demonstrates robust performance in estimating
challenging poses across diverse viewpoints and produces accurate body and hand pose estimations within a unified framework.

Abstract

We introduce SAM 3D Body (3DB), a promptable model
for single-image full-body 3D human mesh recovery (HMR)
that demonstrates state-of-the-art performance, with strong
generalization and consistent accuracy in diverse in-the-
wild conditions. 3DB estimates the human pose of the body,
feet, and hands. It is the first model to use a new parametric
mesh representation, Momentum Human Rig (MHR), which
decouples skeletal structure and surface shape. 3DB em-
ploys an encoder—decoder architecture and supports auxil-
iary prompts, including 2D keypoints and masks, enabling
user-guided inference similar to the SAM family of models.
We derive high-quality annotations from a multi-stage an-
notation pipeline that uses various combinations of manual
keypoint annotation, differentiable optimization, multi-view
geometry, and dense keypoint detection. Our data engine
efficiently selects and processes data to ensure data diver-
sity, collecting unusual poses and rare imaging conditions.
We present a new evaluation dataset organized by pose and
appearance categories, enabling nuanced analysis of model
behavior. Our experiments demonstrate superior general-
ization and substantial improvements over prior methods
in both qualitative user preference studies and traditional
quantitative analysis. Both 3DB and MHR are open-source.
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1. Introduction

Estimating 3D human pose (skeleton structure) and shape
(soft body tissue) from images is an essential capability for
vision and embodied Al systems to understand and interact
with people. Despite notable progress in human mesh re-
covery (HMR) [7, 9, 33, 51, 53], existing approaches still
exhibit unsatisfactory robustness when applied to in-the-
wild images, which limits their applicability to real-world
scenarios such as robotics [32, 37, 48] and biomechan-
ics [36]. In particular, current models often fail on indi-
viduals presenting challenging poses, severe occlusion, or
captured from uncommon viewpoints. They also struggle
to reliably estimate both the overall body pose and the fine
details of the hands / feet in a unified full-body framework.

We argue that the primary challenges in developing a ro-
bust full-body human mesh recovery model stem from both
the data and model aspects. First, collecting large-scale
and diverse human pose datasets with high-quality mesh an-
notations is inherently difficult and computationally costly.
Most existing datasets either suffer from low pose diversity
due to laboratory capture settings [4, 12, 13] or from low
mesh quality resulting from pseudo-labeling [1, 49]. Sec-
ond, current HMR architectures do not address the distinct
optimization mechanisms required for body and hand pose
estimation, nor do they incorporate effective training strate-
gies to handle ambiguity from monocular images.

In this work, we present SAM 3D Body (3DB), a robust



full-body HMR model fueled by large-scale, high-quality
human pose data curated by our data engine.

Robust Full-body HMR Model. We make three main
contributions to improve model performance on both body
and hand pose estimation. (i) We propose a novel prompt-
able encoder—decoder architecture [17, 39] that enables the
model to condition on optional 2D keypoints, masks or
camera information for controllable pose estimation. This
promptable design naturally facilitates interactive guidance
in ambiguous or challenging scenarios during training, and
provides a coherent approach to integrate hand and body
predictions. (ii) Our model utilizes a shared image en-
coder and two separate decoders for the body and hands.
This two-way-decoder design effectively alleviates conflicts
in optimizing body and hand pose estimation, which arise
from differences in input resolution, camera estimation, and
supervision objectives. (iii) Unlike most prior work that re-
lies on the SMPL [26] human mesh model, we build 3DB
on a new parametric mesh representation, MHR [8], which
decouples skeletal pose and body shape, providing richer
control and interpretability for full-body reconstruction.

Data Engine for Diverse Human Pose and High-quality
Annotation. HMR methods have increasingly turned to
large-scale training data for higher performance [3, 9, 55].
However, high-quality 3D supervision remains scarce, and
existing in-the-wild datasets are still limited in scale and di-
versity. To this end, we design a new data creation pipeline
that features: (i) Data Quality: Our annotation pipeline
combines various combinations of components such as ge-
ometric constraints, parametric priors, and dense keypoint
regression, which automatically yields high-quality 3D hu-
man mesh annotations. (ii) Data Quantity: We curate data
from large licensed stock photo repositories, multiple multi-
view capture datasets, and synthetic data. We create a large
scale of 7 million images with high-quality annotation. (iii)
Data Diversity: Our data is diversified using a VLM-based
data engine that mines for in-the-wild challenging images
and routes them for annotation. This ensures coverage of
rare poses, difficult viewpoints, and varied appearances,
providing a more diverse dataset for supervision.

Together, the data engine and full-body HMR model en-
able 3DB to recover high-fidelity full-body human meshes
from a single image. 3DB achieves state-of-the-art perfor-
mance across both body and hand pose estimation. Exten-
sive experiments demonstrate that 3DB consistently outper-
forms prior HMR methods on standard metrics, generalizes
better to unseen datasets, and is preferred by users in a study
of 7,800 participants with a significant 5 : 1 win rate. To
our knowledge, it is the first single model that delivers the
best performance to body-specialized models and com-
parable performance to hand-specialized models, while
providing interactive control and strong robustness under
challenging poses and in-the-wild scenarios.
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2. Related Work

Human Mesh Models: The most widely used human mesh
model is SMPL [26], which parameterizes human body
into pose and shape. SMPL-X [34] goes further to in-
clude hands (MANO [40]) and faces (FLAME [21]). SMPL
models intertwine the skeletal structure and soft-tissue mass
within the shape space, which can limit interpretability and
controllability. Alternatively, Momentum Human Rig [8],
an enhancement of ATLAS [31], explicitly decouples the
skeletal structure and body shape, and we adopt it as our
representation of the human body.

Human Mesh Recovery (HMR): Early HMR methods like
HMR 2.0 [9] were body-only methods that predicted the
body without articulated hands or feet [7, 18, 22]. Instead,
3DB follows the more recent paradigm of full-body meth-
ods [2, 3, 5, 41, 53] that estimate body+hands+feet. There
are also part-specific hand mesh recovery methods [35, 38]
that only estimate the pose and shape of the hands, which
usually have more accurate performance compared to full-
body methods. Generative methods like UniHand [47] also
generate compelling results with a unified diffusion model.
In contrast, 3DB shows strong performance on both hand
and full-body estimation with a feedfoward framework.
Promptable Inference: Promptable inference, popular-
ized by the SAM family [17, 39], enables user or system-
provided prompts (such as 2D keypoints or masks) to guide
model predictions. Similarly to [53], our approach supports
various prompt types, including 2D keypoints and masks,
and by integrating prompt tokens directly into the trans-
former architecture, enables user-guided mesh recovery.
Data Quality and Annotation Pipelines: A major bottle-
neck in HMR is the quality of training data. Many datasets
rely on pseudo-ground-truth (pGT) meshes obtained from
monocular fitting [14, 18], which often contain systematic
errors in pose, shape, and camera parameters [33]. Recent
work [7, 51] highlights the impact of annotation noise on
reported metrics and generalization. To address this, multi-
view datasets [ 16, 28, 29] and synthetic data have been used
in our work to provide higher-fidelity supervision. In all,
our method builds on these insights by employing a scalable
data engine that mines challenging cases and a multi-stage
annotation pipeline that combines dense keypoint detection
and robust optimization.

3. 3DB Model Architecture

Our goal is to recover 3D human meshes (i.e., MHR pa-
rameters) accurately, robustly and interactively from a sin-
gle image. To this end, we design 3DB as a promptable
encoder—decoder architecture (see Figure 2) with a rich set
of prompt tokens. 3DB is designed to be inferactive as it
can accept 2D keypoints or masks, allowing users or down-
stream systems to guide inference.
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Figure 2. SAM 3D Body Model Architecture. We employ a promptable encoder—decoder architecture with a shared image encoder and

separate decoders for body and hand pose estimation.

3.1. Image Encoder

The human-cropped image I is normalized and passed
through a vision backbone to produce a dense feature map
F'. An optional set of hand crops I,anq can also be provided
to obtain hand crop feature maps Fhand:

F = ImgEncoder(I),
Fhanda = ImgEncoder(Ipand)-

6]
2

3DB considers two optional prompts: 2D keypoints
and segmentation masks. Keypoint prompts are encoded
by positional encodings summed with learned embeddings
and are provided as additional tokens for the pose de-
coder. Mask prompts are embedded using convolutions and
summed element-wise with the image embedding [17].

3.2. Decoder Tokens

3DB has two decoders: The body decoder outputs the full-
body human rig and an optional hand decoder can provide
enhanced hand pose results. The pose decoders take a set
of query tokens as input to predict the parameters of MHR
and camera parameters. There are four types of query to-
kens: MHR+camera, 2D keypoint prompt, auxiliary 2D/3D
keypoint tokens and optional hand position tokens.
MHR+Camera Token: The initial estimate of MHR and
(optionally) camera parameters is embedded as a learnable
token for MHR parameter estimation:

3)
“4)

Tpose = RigEncoder(Einit) c ]R1><D7
Einit € Rdir‘”,
2D Keypoint Prompt Tokens: If 2D keypoint prompts K

are provided (e.g., from a user or detector), they are encoded
as:

Tprompt = PromptEncoder(K) € RNXD,

KeRNXS

&)
(6)

where each keypoint is represented by (z, y, label).
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Hand Position Tokens: The hand token, Thang € R2*P, is
used in the body decoder to locate the hand positions inside
the human images. This set of tokens is optional, without
which 3DB can still produce a full-body human rig because
the output from body decoder already includes hands.
Auxiliary Keypoint Tokens: To further enhance interactiv-
ity and model capacity, we include learnable tokens for all
2D and 3D keypoints.

RJQ pXD 7

)
®)

TkeypointQD €

JspxD
TkeypointBD eR 3D X
These tokens allow the model to reason about specific joints
and support downstream tasks such as keypoint prediction
or uncertainty estimation.

3.3. MHR Decoder

All tokens are concatenated to form the full set of queries:

T= [Tpose7 Tprompt; Tkeypoint2D> Tkeypoint3D7 Thand]
€))
This flexible assembly enables the model to operate in both
fully automatic and user-guided modes, adapting to the
available prompts. The body decoder attends to both the
query tokens 7', the full-body image features F’,

O = Decoder(T, F) € RG+TN+/2p+Jsp)xD = (10
Through cross-attention, the body decoder fuses prompt in-
formation with visual context, enabling robust and editable
mesh recovery. Optionally, the hand decoder can take the
same prompt information while attends to the hand crop
features Fhang to provide another output token Oy apg-

The first output token of O is passed through an MLP to
regress the final mesh parameters: § = MLP(Oy) € Rut,
where § = {P,S,C, S} are the predicted MHR param-
eters: pose, shape, camera pose and skeleton, respectively.
Another set of outputs can be computed from Oy g for a
pair of MHR hands, which can be merged to the body out-
put to improve the estimation of the hand.



4. Model Training and Inference

Model Training. 3DB is trained with a comprehensive
multi-task loss terms, Lin = ZZ N;L;, where £; is a task-
specific loss targeting a specific prediction head or anatom-
ical structure. \; are hyper-parameters set empirically. In
particular, we consider supervision from 2D/3D keypoint
locations, MHR parameter regression and hand detection.
To stabilize training, certain loss terms (e.g., 3D keypoints)
are introduced with a warm-up schedule, gradually increas-
ing their weights over the course of training. We also simu-
late an interactive setup [17, 46] for training by randomly
sampling prompts in multiple rounds per sample. This
multi-task, prompt-aware loss design provides strong su-
pervision across all outputs. We describe the losses in the
supplementary material.

Full-body Inference. During inference, we use the body
decoder output by default, with the option to merge hand
decoder output when hands are detected. The benefit of the
hand decoder comes from the hand-specific data used dur-
ing training and the flexibility of a free-moving wrist due
to the dedicated prediction head. Specifically, we use the
wrist location predicted by the hand decoder and the elbow
location from the body decoder to prompt the body decoder
to generate a refined full-body pose estimation result. The
predicted local MHR parameters are then merged to a full-
body configuration following the kinematic tree of the mesh
model. Please refer to the supplementary material for more
details and qualitative comparisons.

5. Data Annotation and Mesh Fitting

In order to obtain large-scale, high-quality human pose data,
we develop a semi-automatic data engine that aims for ef-
ficient and divsere image data collection. In addition, we
designed a multi-stage annotation pipeline that produces ac-
curate 3D mesh pseudo-ground truth from both in-the-wild
single image datasets and a variety of multi-view datasets.

5.1. Data Engine for Data Diversity

Obtaining large-scale human mesh annotations on in-the-
wild images can be computationally costly. While it is pos-
sible to get a large number of training images from videos,
the poses, appearance, imaging conditions, and background
might be very similar. In order to increase the diversity of
our training dataset, we implemented an automated data en-
gine that selectively routes difficult images for annotation,
enabling scalable and efficient dataset curation.

At the core of our data engine is a Vision-Language
Model (VLM) driven mining strategy. The VLM identi-
fies images exhibiting challenging scenarios for pose es-
timation, including occlusion (where the human subject is
partially hidden by objects or other people), unusual poses
(rare or complex body configurations such as acrobatics or
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Fvigﬁre 3. Dense (thin) and sparse (thick) keypoints.

dance), interaction (human-object or human-human activi-
ties like holding tools or group actions), extreme scale (sub-
jects appearing at atypical distances from the camera), low
visibility (poor lighting, motion blur, or partial visibility),
and hand-body coordination (tight coupling of hand and
body poses, as in sign language or sports).

Mining rules are automatically updated iteratively based
on failure analysis of the current model, allowing the engine
to adaptively focus on the most challenging or informative
samples. By focusing annotation efforts on the most in-
formative samples, our data engine enables efficient search
through tens of millions of images, while maximizing the
value and diversity of each annotated image.

5.2. Manual Annotation

Given a set of images selected by the data engine, we use
a current version of 3DB to estimate initial 2D joint posi-
tions. A team of trained annotators correct the estimated
joint locations, if needed. The annotators also assign a per-
joint visibility label according to a strict rubric. Joints with
substantial occlusion or other factors that would prevent ac-
curate placement (e.g., 50% occlusion, motion blur) are
marked as not visible.

5.3. Single-Image Mesh Fitting

For each image, we first obtain the initial estimation of
MHR parameters from a current version of 3DB’s predic-
tions, as well as the 595 dense 2D keypoints predicted from
a high-capacity keypoint detector. MHR fitting is then per-
formed via gradient-based refinement of the model param-
eters, minimizing a composite fitting loss Lg = ;AL
where each £; is a task-specific loss including 2D key-
point loss, initialization-anchored regularization and priors.
Hyper-parameters \; are set via cross-validation.

We apply several loss terms and priors to make the fitting
goal: 2D Keypoint Loss is the L2 distance between pro-
jected and detected dense 2D keypoints, to ensure minimal
2D reprojection error. Initialization-Anchored Regulariza-
tion penalizes deviation from the initial prediction by apply-
ing L2 losses on both the Momentum Human Rig parame-
ters and their corresponding 3D keypoints, thereby prevent-
ing model drift. Pose and Shape Prior enforces anatomi-
cal plausibility via a learned Gaussian Mixture prior and L.2



regularization.

Dense keypoint detector. The configuration of 595 dense
keypoints is chosen as it represents the minimal manifold
of a human body mesh for capturing diverse body shapes
and hand poses. The dense keypoint detector adopts a stan-
dard Transformer encoder-decoder architecture [0, 11, 33],
with additional sparse keypoint guidance obtained from the
manual annotation step to predict accurate 2D dense key-
points from in-the-wild images, as illustrated in Figure 3.
We first train the model on 3D datasets (e.g., Goliath and
Synthetic), and use it for multi-stage mesh fitting on the in-
the-wild datasets (e.g., COCO, Al Challenger, MPII). We
then project the MHR mesh to dense keypoints for a second
round of dense keypoint detector training and apply this it-
erative training scheme twice.

5.4. Multi-View Mesh Fitting

While single-view mesh fitting is effective for a large and
diverse set of images, the annotation quality tends to be
lower fidelity due to the depth ambiguities and natural oc-
clusion. Therefore, we also exploit multi-view mesh fitting
on multi-view datasets. Specifically, we extend the single-
view pipeline to jointly fit mesh across all frames and cam-
era views, leveraging both spatial and temporal cues.

First, we extract synchronized 2D keypoints for each
camera and frame, and then obtain sparse 3D keypoints by
triangulation. The mesh model is initialized from these tri-
angulated points and camera parameters, and refined via
second-order optimization-based update of the model pa-
rameters, minimizing a composite fitting loss, Lpui =
> « " Lr, where each Ly, is a task-specific loss including
the 2D keypoint loss and the regularization and priors as
single-view mesh fitting, together with additional 3D key-
point loss and temporal smoothness. Temporal Smooth-
ness Loss encourages estimated pose parameters to tem-
porally smooth, penalizing abrupt changes in motion and
promoting realistic temporal dynamics. Optimization alter-
nates between updating camera parameters, shape, skeleton,
and pose, with robust keypoint filtering (e.g., robust losses,
RANSAC, smoothing). Body shape parameters are opti-
mized jointly across frames.

6. Training Datasets

We train our model on a mix of single-view, multi-view,
and synthetic datasets listed in Table 1, covering general
body pose, hands, interactions, and “in-the-wild’ conditions
to ensure the quality, quantity and diversity of training data.
Single-view in-the-wild: We utilize datasets that captures
people in unconstrained environments with diverse appear-
ance, pose, and scene conditions. For this, we use AIChal-
lenger [54], MS COCO [25], MPII [1], 3DPW [49], and a
subset of SA-1B [17].
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Table 1. List of 3DB training datasets. * denotes the datasets
providing samples to train the hand decoder.

Dataset # Images/Frames # Subjects # Views
MPII human pose [1] 5K 5K+ 1
MS COCO [25] 24K 24K+ 1
3DPW [49] 17K 7 1
AlChallenger [54] 172K 172K+ 1
SA-1B [17] 1.65M 1.65M+ 1
Ego-Exo04D [10] 1.08M 740 4+
DexYCB [4] 291K 10 8
EgoHumans [15] 272K 50+ 15
Harmony4D [16] 250K 24 20
InterHand [29]x 1.09M 27 66
Re:Interhand [30]x 1.50M 10 170
Goliath [28]x 966K 120+ 500+
Syntheticx 1.63M - -

Multi-view consistent: To incorporate geometric consis-
tency for more reliable annotations, we use multi-view data
from Ego-Exo04D [10], Harmony4D [16], EgoHumans [15],
InterHand2.6M [29], DexYCB [4] and Goliath [28].
High-fidelity synthetic: We use a photorealistic synthetic
extension of the Goliath dataset [28]. It provides millions of
frames with ground-truth MHR parameters across diverse
identities, clothing, and contexts. Synthetic data ensures ac-
curate supervision for human mesh recovery, complement-
ing real-world datasets that prioritize diversity over quality.
Hand datasets: These datasets (marked with x in Table 1),
such as Re:Interhand [30], are used to train both the body
and hand decoder. We provide wrist-truncated hand sam-
ples to train the hand decoder.

7. Evaluation

We follow prior HMR work and report standard pose and
shape evaluation metrics: MPJPE [27], PA-MPJPE [56],
PVE [19], and PCK [56]. To evaluate on SMPL-based
datasets, a MHR mesh is mapped to the SMPL mesh format.
We present results with two variants of the model; 3DB-
H leverages the commonly used ViT-H (632M) backbone,
and 3DB-DINOV3 uses the recent DINOv3 (840M) [45]
encoder. We resize the input to 512 x 512 for the image
encoder and use an off-the-shelf field-of-view (FOV) esti-
mator (e.g., MoGe-2 [50]) to provide camera intrinsics for
model inference.

7.1. Evaluating Performance on Common Datasets

We first evaluate 3DB on five standard benchmark datasets
in Table 2, comparing with a wide variety of state-of-the-
art (SoTA) mesh recovery methods. 3DB outperforms all
other single-image methods and is even competitive with
video-based approaches that additionally leverage temporal
information.

In particular, our model achieves superior results in the
EMDB and RICH datasets, which are out-of-domain (i.e.,
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Figure 4. Qualitative comparison of 3DB against state-of-the-art HMR methods.

Table 2. Comparison on five common benchmarks. The best results are highlighted in bold, while the second-best results are underlined.
Results evaluated using publicly released checkpoint denoted by f. Models trained using RICH denoted by *.

3DPW (14) EMDB (24) RICH (24) COoCOo LSPET
MOdC]S PA-MPJPE | MPIPE | PVE | PA-MPIPE | MPIPE | PVE | PA-MPIPE | MPIPE | PVE | PCK@0.05 T PCK@0.05 1
HMR2.0b [9] 543 813  93.1 79.2 1185  140.6 48.1f 96.0f 11091 86.1 53.3

= CameraHMR [33] 35.1 560 659 433 70.3 81.7 34.0 55.7 64.4 80.51 49.1f

< PromptHMR [53] 36.1 587 694 41.0 71.7 84.5 37.3 56.6 65.5 79.2 55.6"

2 SMPLerX-H [3] 46.6" 7677 91.8F 64.51 927t 112.0f 37.41 6257 69.57 - -
NLE-L+fit* [43] 33.6 549 637 40.9 68.4 80.6 28.7F 5100  582f 74.91 54.9f

o  WHAM [44] 35.9 578 687 50.4 79.7 94.4 - - - - -

E TRAM [52] 35.6 593  69.6 45.7 74.4 86.6 - - - - -

> GENMO [20] 34.6 539 658 425 73.0 84.8 39.1 66.8 75.4 - -
3DB-H (Ours) 33.2 548  64.1 38.5 629 743 319 550  61.7 86.8 68.9
3DB-DINOV3 (Ours) 33.8 548  63.6 38.2 61.7 72.5 30.9 53.7 60.3 86.5 67.8

not included in the training set), indicating better general-
ization than previous SOTA methods. 3DB exceeds the sec-
ond best model, NLF, on all datasets in terms of 3D metrics
except for RICH which dataset NLF uses in training while
our model does not. 3DB is also state-of-the-art on PCK for
2D evaluation on the COCO and LSPET datasets, demon-
strating strong 2D alignment.

7.2. Evaluating Performance on New Datasets

Throughout our experiments, we found that mesh recov-
ery models are particularly fragile in out-of-domain settings
due to camera, appearance, and pose differences. To un-
derstand how methods perform on new, unseen data dis-
tributions, we additionally evaluate on five new datasets
(38.6K images) in Table 3. The five new datasets in-

clude (1) Ego-Exo04D [10], (2) Harmony4D [16], (3) Go-
liath [28], (4) in-house synthetic data and (5) SA1B-Hard.
Ego-Exo04D captures humans in diverse, skilled activities,
divided into physical (EE4D-Phys) and procedural (EE4D-
Proc) domains. Harmony4D focuses on close multi-human
interaction in dynamic sports settings. Goliath offers di-
verse motions in a precise, studio environment. The syn-
thetic dataset consists of single-human images with diverse
camera angles and parameters. SA1B-Hard is a subset of
2.6K images extracted from SA1B using our data engine.
Together, these five new datasets present a challenging new
testbed for mesh recovery methods.

As it is difficult to compare methods using the exact
same training data and methodology due to prohibitive data
usage licenses, unclear descriptions of training data, and
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Table 3. Comparison on five new benchmark datasets. The best results are highlighted in bold, while the second-best results are underlined.

MPJPE is computed on 24 SMPL keypoints.

EE4D-Phy EE4D-Proc Harmony4D Goliath Synthetic SA1B-Hard
Models PVE| MPJPE| PVE] MPIPE| PVE| MPIPE| PVE, MPIPEL PVE| MPIPE]  Avg-PCK1
CameraHMR [33] 71.1 588 703 602 846 708 667 545 1028 872 63.0
PromptHMR [53] 746 634 720 626 919 780 672 565 92.7 80.7 59.0
NLF [43] 759 685 854 7717 973 849 665 580 976 86.5 66.5
3DB-H Leave-one-out (Ours) 49.7 443 529 474 635 54.0 542 465 856 755 73.1
3DB-H Full dataset (Ours) 37.0 31.6 41.9 36.3 41.0 33.9 34.5 28.8 55.2 472 76.6

Table 4. Comparison on Freihand for hand pose estimation. Meth-
ods using Freihand for training are denoted by .

Method PA-MPVPE | PA-MPJPE| F@51 F@I157%
LookMa [11] 8.1 8.6 0.653 -
METRO [24]" 6.3 6.5 0.731 0.984
HaMeR [35] 5.7 6.0 0.785  0.990
MaskHand [42]F 5.4 5.5 0.801 0.991
WiLoR [38]F 5.1 55 0.825  0.993
3DB-H (Ours) 6.3 55 0.735  0.988
3DB-DINOV3 (Ours) 6.2 55 0.737  0.988

lack of training code (CameraHMR, PromptHMR, and NLF
are trained on 6, 9, and 48 datasets, respectively), we test the
generalization ability of 3DB by using a leave-one-out train-
ing procedure. This ensures a fair comparison with prior
work which have also not seen these datasets. To serve as
an in-domain, upper bound comparison, we also show the
performance of 3DB when trained on the full dataset (i.e.,
training data is also sampled from these new datasets). For
both the baselines and our model, we use ground truth cam-
era intrinsics for model inference on 3D datasets, except for
SA1B-Hard which we use FOV estimated by MoGe-2 [50].

We present the results in Table 3. Despite being trained
on a large number of datasets, we find that prior work still
struggle with these five domains, incurring a significant
drop in performance. In contrast, our leave-one-out model
shows strong generalization, owing to our more diverse data
distribution and stronger training framework. Interestingly,
we notice that existing methods constantly trade places for
second across different datasets, reflecting strong dataset-
specific biases. This indicates that each baseline overfit to a
narrow slice of the underlying data distribution.

7.3. Evaluating Hand Pose Estimation Performance

One significant characteristic of 3DB is its strong perfor-
mance in estimating hand shape and pose. Previous full-
body human pose estimation methods [2, 3, 23] revealed a
notable gap in hand pose accuracy compared to hand-only
pose estimation methods [35, 38]. This performance gap
arises from two main factors. First, hand-only methods can
leverage large-scale datasets of hand poses, whereas full-
body methods cannot utilize these datasets because of the

absence of full-body images and annotations. Second, a
free-moving wrist allows hand pose models to more eas-
ily fit finger poses with 2D and 3D alignment, while for
full-body methods, wrist rotation and position are highly
constrained by the body’s pose and position. Despite these
challenges, 3DB demonstrates strong hand pose accuracy.
3DB benefits from the flexible model training design that
incorporates both hand and body data and the hand de-
coder. Additionally, being promptable, 3DB provides a nat-
ural mechanism to align the wrists of the body prediction
with those of the hands. We evaluate 3DB’s hand estima-
tion on the representative FreiHand [57] benchmark in Ta-
ble 4. For fair comparison against hand-only models, we
use the output from our hand decoder for evaluation. De-
spite not training on the Freihand dataset, which gives a
strong in-domain boost, 3DB’s hand pose estimation accu-
racy is already comparable to SoTA hand pose estimation
methods that include Freihand alongside many other hand-
centric datasets.

7.4. Evaluating 2D Categorical Performance

To better understand the strengths and weaknesses of mod-
els on a variety of image types, we compare the per-
formance across our 24 categories defined over SA1B-
Hard [17]. Our proposed evaluation set is designed to cap-
ture a broad spectrum of human appearance and activity in
images, ensuring robust evaluation across real-world sce-
narios. It consists of 24 total categories, which are orga-
nized under several high-level groups: Body Shape, Camera
View, Hand, Multi-person, Pose and Visibility.

We use the PCK (Percentage of Correct Keypoints) met-
ric for 17 body keypoints and 6 feet keypoints. Results
are reported using Avg-PCK, which is PCK averaged over
a range of thresholds (i.e. 0.01, 0.025, 0.05, 0.075, 0.1 of
the human bounding box size). Results in Table 5 show that
3DB outperforms all baselines on all categories. Qualitative
examples are given in Figure 4.

One notable significance is for categories of Visibility -
Truncation where the model shows significant advantages
than CameraHMR or PromptHMR. Essentially, 3DB has
learned a much stronger pose prior when dealing with body
truncation in images. Other rows with the large improve-
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Table 5. 2D categorical performance analysis on the SA-1B Hard dataset.

CameraHMR [33] PromptHMR [53] 3DB
APCK(body) APCK(feet) APCK(body) APCK(feet) APCK(body) APCK(feet)

Body_shape - In-the-wild 87.64 78.56 85.73 77.87 90.76 92.12
Camera_view - Back or side view 59.69 46.64 61.92 47.74 76.27 66.81
Camera_view - Bottom-up view 55.18 34.84 46.56 29.25 69.62 55.35
Camera_view - Others 51.48 33.80 54.39 38.55 76.62 71.52
Camera_view - Overhead view 55.08 39.46 43.65 24.63 73.33 66.94
Hand - Crossed or overlapped fingers 73.20 62.85 72.48 62.43 81.36 84.04
Hand - Holding objects 76.73 72.11 73.57 68.92 83.40 85.92
Hand - Self-occluded hands 73.22 58.06 72.43 56.19 80.07 80.82
Multi_people - Contact or interaction 63.23 51.65 61.77 47.60 74.81 69.92
Multi_people - Overlapped 53.11 41.88 57.17 41.43 70.82 64.71
Pose - Contortion or bending 47.08 32.78 42.61 20.98 65.20 53.04
Pose - Crossed legs 63.95 32.24 56.15 27.35 76.40 58.80
Pose - Inverted body 46.12 30.01 39.83 24.64 78.18 72.19
Pose - Leg or arm splits 57.51 31.43 54.76 33.11 83.69 72.49
Pose - Lotus pose 63.19 14.38 54.85 12.87 74.53 57.97
Pose - Lying down 51.29 35.88 44.59 26.88 71.35 66.53
Pose - Sitting on or riding 79.66 71.65 70.15 61.16 84.85 81.51
Pose - Sports or athletic activities 78.93 69.34 73.62 60.37 85.10 82.80
Pose - Squatting or crouching or kneeling 62.74 41.47 54.41 33.84 72.85 61.85
Visibility - Occlusion (foot cues) 62.93 26.83 58.00 30.81 75.43 54.74
Visibility - Occlusion (hand cues) 61.01 53.89 58.55 51.13 76.04 72.01
Visibility - Truncation (lower-body truncated) 39.27 - 46.50 - 61.95 -

Visibility - Truncation (others) 79.18 74.82 77.06 74.99 84.23 86.72
Visibility - Truncation (upper-body truncated) 62.37 54.90 56.01 49.28 64.49 70.99

53DB " Baseline

ments are Pose - Inverted body and Pose - Leg or arm splits.
We largely attribute these improvements to the increased
distribution of hard poses selected by the data engine.

7.5. Human Preference Study

We conducted a large-scale user preference study to eval-
uate the perceptual quality of human reconstructions pro-
duced by 3DB compared with existing approaches on the
SA1B-Hard dataset. While quantitative metrics capture ge-
ometric and numeric accuracy, they do not always align
with the human perception accuracy.

We designed six independent pairwise comparison
studies, each comparing 3DB against one baseline
method: HMR2.0b [9], CameraHMR [33], NLF [43],
PromptHMR [53], SMPLer-X [3], and SMPLest-X [55].
The study encompassed 7,800 unique participants (1,300
unique per comparison) resulting in over 20,000 total re-
sponses. Each participant was presented with a video stim-
uli. The left and right sides of the video displayed recon-
structions from the two methods, and a video transition ef-
fect as used to fade-in the reconstruction result over the im-
age. Participants were instructed to choose which 3D recon-
struction better matched the original image by answering:
“Which 3D model of the person better matches the origi-
nal image, left or right?”. We quantify results using win
rate and vote share. Win rate is the percentage of stimuli
for which 3DB received more votes than the baseline. As
summarized in Figure 5, 3DB consistently outperforms all
baselines. Focusing on the strongest baseline, NLF, 3DB
achieves a win rate of 83.8%.
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Figure 5. Comparison of 3DB win rate against baselines. Win rate
(%) and number of wins out of 80.

8. Conclusion

We have presented 3DB, a robust HMR model for body
and hands. Our approach leverages the Momentum Hu-
man Rig parametric body model, employs a flexible en-
coder—decoder architecture, and supports optional prompts
such as 2D keypoints or masks to guide inference. A cen-
tral advance of our work is in the supervision pipeline. In-
stead of relying on noisy monocular pseudo-ground-truth,
we leverage multi-view capture systems, synthetic sources,
and a scalable data engine that actively mines and anno-
tates challenging samples. This strategy yields cleaner and
more diverse training signals, supporting generalization be-
yond curated benchmarks. At the same time, 3DB employs
a separate hand decoder to enhance the hand pose estima-
tion with hand crops as input which makes it comparable to
SoTA hand pose estimation methods.
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