SAM 3D Body: Robust Full-Body Human Mesh Recovery

Supplementary Material

In this supplementary material, we first provide ablation
studies on model inference with keypoint and mask condi-
tioning. We then show qualitative results on the full-body
inference strategy and hand pose estimation results. We also
provide additional experiment results on the new 3D bench-
marks. Then, we describe the technical details of our model
training, annotation and mesh fitting pipeline. Finally, we
share the limitations of our current model and some direc-
tions for future work.

1. Evaluating 3DB Prompt Following

3DB is a promptable model that supports conditioning on
2D keypoints or segmentation masks for controllable hu-
man pose estimation. In this section, we evaluate the
model’s ability to follow the provided prompts and analyze
their impact on pose estimation performance.

2D Keypoint Prompt. The 2D keypoint prompt provides
a user-friendly mechanism for adjusting pose estimation by
specifying joint locations in the image [3, 7]. In Table 1,
we present an ablation study on varying the number of key-
point prompts provided during inference, where the key-
point with the largest error is selected for prompting. We
observe that the model effectively follows the prompts and
both 2D and 3D performance improve as more prompts are
provided (noise scale = 0). Notably, although the keypoint
prompt is provided in the 2D image space, 3DB is able to
leverage this information to infer a more accurate 3D body
pose (4.4mm improvement on MPJPE on EMDB).

We further evaluate the sensitivity of our model to the
quality of keypoint prompts, as shown in Table 1 for
#Prompt = 1. The noise scale is defined relative to the
bounding box size, as in PCK. We observe that the model
is robust to small keypoint inaccuracy (noise scale < 0.05),
as such noise naturally exists in annotations of in-the-wild
datasets. When the noise level becomes larger, performance
degrades because the model tends to follow the incorrect
keypoint prompts.

Finally, our full-body inference pipeline leverages the
2D keypoint prompting capability to improve hand pose es-
timation quality. To illustrate the impact of this strategy,
we provide a qualitative comparison in Figure 1. From this
comparison, it is evident that without keypoint prompting,
2D keypoint alignment at the wrist and hand joints is signifi-
cantly worse than that achieved by the default inference. On
the other hand, without integrating the hand decoder during
inference, the predicted wrist rotation is often suboptimal,
leading to inferior 2D finger joint alignment.

Maks Prompt. The capability of mask conditioning is es-

Table 1. Ablation on 2D keypoint prompting with 3DB-H. We re-
port results under varying numbers of prompts, as well as different
noise scales for a single prompt.

# Prompts 0 1 2

Noise scale 0 0 0.01 0.03 005 0.1 0
COCO (PCK@0.051) 86.7 902 902 895 876 809 93.0
EMDB (MPJPE |) 633 601 603 615 633 678 589

Table 2. Comparison on mask-conditioned inference with 3DB-
DINOV3 on multi-person datasets.

Hi4D [8] Harmony4D SAI1B-Hard SAIB-MP

Models PVE| MPJPE|l PVE| MPJPE|l Avg-PCK1T  Avg-PCK1
3DB (w/o mask) 914 76.4 42.7 35.6 754 67.9
3DB (w/ mask) 58.3 47.0 36.5 30.1 76.3 723

sential when handling multiple people with close interac-
tion, where the standard bounding box information is in-
sufficient to clearly specify the person of interest for the
model [6, 8]. To assess the impact of incorporating masks
as additional input to our model, we compare the model in-
ference result with and without mask-conditioning on three
multi-person (MP) datasets. We follow the prior work
to provide ground-truth segmentation masks when avail-
able [6, 8], and extract SAM?2 [5] masks for the ITW dataset
SA1B using the bounding boxes. As shown in Table 2,
conditioning our model with person-specific segmentation
masks yields significant improvements — the same model
(3DB-DINOV3) with mask conditioning improves PVE by
33.1 and MPJPE by 29.4 on Hi4D. Notably, both Hi4D [8]
and Harmony4D [2] are multi-person dataset that captures
close interactions between two individuals, featuring frames
with significant occlusion, which poses a challenge for most
HMR methods, especially in disambiguating between indi-
viduals. Using segmentation masks for each person as ad-
ditional input, 3DB effectively addresses this challenge and
accurately predicts the corresponding person. For the ex-
periments on our SA1B-Hard dataset, we observe that the
performance gain on the ”Multi-person” subset (+4.4%) is
more significant than that on the overall dataset (+0.9%),
indicating the importance of mask-conditioning for multi-
person scenarios.

2. Qualitative results on hand performance

During the inference stage of 3DB, we leverage two strate-
gies to further improve hand pose estimation quality: unify-
ing hand decoder prediction into body decoder and keypoint
prompting (wrist + elbow). The benefit of the hand decoder
comes from the hand-specific data used during training and
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Figure 1. Qualitative comparison to show the impact from using
keypoint prompting and unifying the predictions from hand de-
coder and body decoder.

the flexibility of a free-moving wrist due to the dedicated
prediction head. By unifying the hand decoder’s output to
the body decoder, our model can provide full-body predic-
tion with improved hand pose estimation. However, we no-
ticed that simply integrating the hand decoder’s output into
the middle of the Momentum Human Rig kinematic tree
can lead to errors in adjacent joints, particularly at the el-
bows. Therefore, we leverage the promptability of 3DB to
mitigate these errors introduced by the hand decoder’s out-
put. Specifically, we use the wrist location from the hand
decoder as well as the elbow location predicted by the body
decoder to prompt the body decoder to generate a refined
full-body pose estimation result.

To illustrate the impact of these two strategies on full-
body pose estimation, we provide a qualitative comparison
in Figure 1. It is evident that without keypoint prompting,
the 2D keypoint alignment at the wrist and hand joints is
significantly worse than the results from the default infer-
ence. On the other hand, without integrating the hand de-
coder during inference, the predicted wrist rotation can be
suboptimal, leading to inferior 2D hand joint alignment.
Hand crop visualization. As shown in Figure 4 in the main

Figure 2. Qualitative results of hand estimation on Freihand [9]

paper, SAM 3D Body consistently achieves more accurate
body pose and shape recovery, especially for fine details
like limbs and hands. The 2D overlays further illustrate bet-
ter alignment with input images, demonstrating the robust-
ness of our approach even under difficult conditions. When
we focus on hand-crop images where the human body is
invisible or truncated out of images, we demonstrate the ef-
fectiveness of model as in Figure 2. Here, we only visual-
ize the mesh output by the hand decoder for simplicity and
clearness.

3. Evaluating 3D Categorical Performance

Categorical 3D analysis using existing single view datasets
is challenging as the underlying pseudo ground truth are
low-fidelity approximations of the real geometry. In or-
der to perform a more detailed categorical analysis of HMR
methods, we constructed an evaluation dataset using a mix
of synthetic and real data from multi-view datasets with
high camera counts (more than 100 cameras).

To comprehensively evaluate 3D human mesh recon-
struction performance for HMR, we define a set of 34 dis-
tinct categories based on interpretable scene and subject
attributes, such as occlusion, truncation, viewpoint, pose
difficulty, shape, and interaction. Unlike the manual clas-
sification used for 2D categories, these 3D categories are
automatically generated using rule-based criteria applied to
metadata and geometric cues. This systematic approach en-
ables consistent, scalable, and objective analysis of model
performance across diverse real-world conditions.

Based on results from Table 3, 3DB demonstrates su-
perior performance in challenging scenarios. Particu-
larly within the very hard pose categories, 3DB consis-
tently outperforms both CameraHMR and PromptHMR in
the pose_3d:very_hard category and in pose_2d:very_hard.
These results indicate that 3DB possesses inherent strengths
in accurately estimating poses under the most challenging
conditions. Additionally, 3DB exhibits a significant advan-
tage in handling the truncation:severe scenario in compari-
son to CameraHMR and achieves better performance in the
viewpoint:topdown _view compared to PromptHMR.

4. Model Training Details

We describe the losses we used for model training in detail
as follows.
2D/3D Keypoint Loss: We supervise 2D/3D joint locations



Table 3. 3D categorical performance analysis.

CameraHMR [4] PromptHMR [6] 3DB
PVE MPIJPE PA-MPJPE PVE MPJPE PA-MPJPE PVE MPIPE PA-MPJPE
aux:depth_ambiguous 126.25 10225 81.33 109.58 91.77 69.24 64.38  52.72 39.85
aux:orient_ambiguous 8426  71.77 45.07 83.79 72.93 46.17 42.35 36.64 25.16
aux:scale_ambiguous 118.18 104.77 50.93 11295 102.28 47.26 58.64 51.16 27.67
fov:medium 82.88 68.81 46.86 76.31 64.84 42.85 4358  36.97 25.57
fov:narrow 82.15 69.82 49.73 90.41 77.95 53.49 52.14  43.89 36.18
fov:wide 71.55 60.05 38.66 7498  64.55 42.87 3797  33.06 22.44
interaction:close_interaction  107.59  90.95 57.62 115.19  98.12 64.87 54.23 44.98 29.76
interaction:mild_interaction ~ 89.98 75.28 52.93 106.55  90.38 62.74 42.63  34.65 27.16
pose_2d:hard 11791 107.74 77.16 117.73  110.64 79.16 6293  57.50 45.58
pose_2d:very_hard 150.20 140.61 92.66 150.15 145.07 95.40 6222  56.84 42.39
pose_3d:hard 133.89 121.11 84.21 129.30  118.59 81.82 7142  63.68 49.10
pose_3d:very_hard 213.66 206.34 143.23 186.35 179.46 129.51 114.20 110.62 86.43
pose_prior:average_pose 68.52 56.70 37.22 70.32  59.73 39.42 36.06  30.95 21.35
pose_prior:easy_pose 57.83 47.31 29.92 62.85 53.58 32.80 29.53 24.66 17.20
pose_prior:hard_pose 94.64 80.04 54.53 88.12  76.19 51.15 51.65 44.24 31.09
shape:average_bmi 70.35 58.07 38.08 71.01 60.25 39.90 36.58 31.41 21.31
shape:high_bmi 84.52  69.96 47.55 7949  67.83 43.04 4333  36.49 2245
shape:low_bmi 80.93 65.70 42.71 69.92  58.76 37.30 38.74  32.73 21.82
shape:very_high_bmi 87.18 72.91 47.54 81.17  69.05 44.03 4851 41.11 24.80
shape:very_low_bmi 108.16  91.25 47.26 94.16  81.12 38.64 51.76  45.69 22.97
truncation:left_body 13530 113.17 87.98 127.53  110.67 91.33 91.28  76.46 62.23
truncation:lower_body 127.81 97.84 75.82 151.52  118.65 83.79 92.87 67.10 60.77
truncation:right_body 110.28  91.58 71.17 11571 9843 72.15 75.04  62.84 50.62
truncation:severe 230.51 213.64 124.01 186.57 168.22 122.70 126.53 113.66 88.42
truncation:upper_body 85.59 79.68 56.36 86.06 80.88 56.94 50.83 48.79 38.39
viewpoint:average_view 75.61 62.69 41.90 74.17 62.80 41.81 41.25 35.22 24.41
viewpoint:bottomup_view 89.83 72.25 53.00 95.46 78.87 55.57 56.50 47.07 34.03
viewpoint:topdown_view 101.69 91.13 59.15 10429 9792 63.39 42.84  38.78 27.90

using an L; loss, incorporating learnable per-joint uncer-
tainty to modulate the loss based on prediction confidence.
For 3D body and hand keypoints, we normalize them with
their respective pelvis and wrist locations before comput-
ing the loss. Hand keypoints are weighted according to an-
notation availability. 2D keypoints are supervised in the
cropped image spaces, and we upweight the loss for the
user-provided keypoint to encourage prompt consistency
when keypoint prompts are available.

Parameter Losses: MHR parameters (pose, shape) are su-
pervised with L, regression losses, and joint limit penalties
are imposed to discourage anatomically implausible poses.
Hand Detection Loss: 3DB can localize the hand position
by a built-in hand detector. We apply GloU loss and L,
loss to supervise the hand box regression. We also predict
the uncertainty of hand boxes and turn off the hand decoder
on hand-occluded samples during inference.

®
®
®
°
°
©

Figure 3. GUI for annotating 2D keypoints.

to a strict rubric. Joints with substantial occlusion or other
factors that would prevent accurate placement (e.g., 50%
occlusion, motion blur) are marked as not visible.

5. Annotation Details 5.2. Single-Image Auto-annotation

5.1. Manual Annotation

Given a set of images selected by the data engine, we use a
current version of 3DB to estimate initial 2D joint positions.
A team of trained annotators correct the estimated joint lo-
cations, if needed, using the GUI shown in Figure 3. The
annotators also assign a per-joint visibility label according

Given an RGB image, we first predict 595 dense 2D key-
points using a high-capacity keypoint detector that is condi-
tioned on the sparse 2D keypoints provided by the datasets.
This conditioning architecture reformulates dense keypoints
detection as a sparse-to-dense lifting task, which is inher-
ently easier than detection from the scratch. By leverag-
ing both the RGB image and sparse keypoints guidance, the



model is capable of predicting accurate 2D dense keypoints
from in-the-wild images (see Figure 3 of main paper). We
initialize the parametric Momentum Human Rig model us-
ing the 3DB’s predictions for pose, shape, and camera in-
trinsics, providing a strong prior for optimization. Mesh
fitting is then performed via gradient-based refinement of
the model parameters, minimizing a composite loss:

L = dpLxp + )\3D£3D + Aparamﬁparam + >\pri0r['priora (D

where:

e Lxp: Dense keypoint reprojection loss, aligning projected
mesh keypoints to detected 2D keypoints.

* Lip: 3D keypoint loss, regularizing to the initial model-
predicted 3D keypoints.

* Lparam: Parameter regularization, constraining optimiza-
tion to remain close to the initial parameters.

* Lyrior: Pose and shape priors, enforcing anatomical plau-
sibility via a Gaussian Mixture prior and L2 regulariza-
tion.

Stage-specific weights A are used to balance these terms

throughout the optimization.

This approach combines strong priors with dense 2D su-
pervision, enabling robust and accurate mesh fitting from
single images, even in challenging cases.

Figure 5. Multi-view MHR mesh fitting. Source: EgoEx04D [1]

5.3. Multi-View Video Annotation

For multi-view video, we extend the pipeline to jointly fit
the 3D mesh across all frames and camera views, leverag-
ing both spatial and temporal cues. Synchronized 2D key-
points are extracted for each camera and frame, then trian-
gulated to obtain sparse 3D keypoints. The mesh model is

initialized from these triangulated points and available cam-
era calibration.

The optimization minimizes a composite loss over all
frames and views:

['multi = >\2D£2D + )\3D£3D + )\priorﬁprior + )\smoothcsmoothv

2
where:
Lop —Zwlctuﬂc (04, B kfﬁtHQ, 3)
t,c,t
Lsp = wie||Ji(6s, 8) — 2P|, @)

tyi

Lsmooth = Z (av||A9t||2 + aa”A29t”2 + O‘j”Aget”z) .
t
)

Here, J;(6, ) denotes the 3D position of joint ¢ at time
t, T is the projection for camera ¢, and k72, kPP are
observed 2D and triangulated 3D keypoints. Temporal
smoothness is enforced via finite differences.

Optimization alternates between updating camera pa-
rameters, mesh shape, and pose, with robust keypoint fil-
tering (e.g., robust losses, RANSAC, smoothing) applied to
mitigate outliers. Shared parameters (e.g., shape and scale
parameters) are optimized jointly across frames, ensuring
temporal and spatial consistency.

Our annotation pipeline fuses dense keypoint detec-
tion, strong parametric priors, and robust multi-stage op-
timization to generate high-fidelity 3D mesh supervision.
This process, applied to both single images and multi-view
video, is foundational to the data quality that underpins our
model’s strong generalization and performance.

We show some mesh fitting results from our training
dataset are shown in Figure 4 and Figure 5.

6. Limitations

We discuss some limitations of 3DB as presented in this
paper and suggest possible next steps to address these lim-
itations. First, 3DB processes each individual separately,
without taking multi-person or human-object interactions
into account. This limits its ability to accurately interpret
relative positions and physical interactions. A natural next
step would be to incorporate interactions among humans,
objects, and the environment into the model’s training pro-
cess. Second, while our model has achieved significant im-
provements in hand pose estimation as part of the full-body
estimation task, its accuracy does not surpass that of spe-
cialized hand-only pose estimation methods. Additionally,
due to the limited availability of high-quality full-body data
during training, the hand estimation performance from the
body decoder alone is also suboptimal. This limitation can
be addressed by incorporating more diverse full-body data



into the training of 3DB. Third, both 3DB and the underly-
ing mesh model MHR fall short in modeling human body
shapes across all age groups. As a result, they may pro-
duce suboptimal pose estimations and shape modeling for
children.
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