DuoMo: Dual Motion Diffusion for World-Space Human Reconstruction

Supplementary Material

A. Sparse mesh representation
A.1. Topology

We use a sparse mesh X € RY*3 to represent the hu-
man body and its motion. The sparse mesh has V' = 595
vertices [3], and is designed to balance between represen-
tation quality and efficiency. Figure la shows the sparse
mesh topology. Specifically, the vertices are positioned to
ensure that body pose, shape, and hand gestures are accu-
rately represented despite the sparsity. Consistent with prior
methods [9, 12], skeletal joints are regressed from the posed
mesh using linear combinations of local vertices.

A.2. SMPLX to sparse mesh

To leverage existing datasets for training our motion mod-
els, we create regression matrices to convert SMPL or SM-
PLX meshes to the sparse mesh, using a strategy similar to
learning the joint regressor for SMPL [9]. Each vertex on
the sparse mesh can be computed as a weighted average of
a sparse set of vertices from the SMPL/SMPLX models.

With the regressor matrices, we convert training
datasets [1, 10, 18] to the sparse mesh format. Figure 1b
visualizes an example from the BEDLAM dataset [1] with
its annotation converted to our sparse mesh format.

A.3. Sparse mesh to SMPLX

Our sparse mesh can represent detailed motion, but convert-
ing it to SMPLX provides a more compact representation
and is necessary to compare reconstruction accuracy with
prior works.

The conversion to SMPLX parameters can be achieved
through optimization [12, 15], but it is slow and prone to
local minima. In contrast, we train an optimization-inspired
iterative network [2, 16, 23] for this task.

Our network performs iterative refinement using a cas-
cade of three MLPs, as shown in Figure 2. The process
begins with zero-initialized SMPLX parameters. At each
stage, we generate a predicted sparse mesh from the current
SMPLX parameters, using the SMPLX layer followed by
our sparse regressor A.2. We then rigidly align the predic-
tion to the target sparse mesh using the head vertices, and
compute the per-vertex errors. The MLP takes the errors
as input and predicts an update to the parameters. We re-
peat this process for two more stages. This cascaded design
allows each MLP to specialize its refinement.

We tested the network on 3DPW [18] and find the
MPIJPE error to be under Smm. We visualize some quali-
tative results in Figure 3.

(b) BEDLAM with sparse mesh

(a) Topology

Figure 1. Sparse mesh. (a) Topology of our sparse mesh, with the
red box showing the details of the hands. (b) An example from the
BEDLAM [1] dataset with its annotation converted to the sparse
mesh format.
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Figure 2. Architecture (sparse mesh to SMPLX). This network
performs iterative refinement to predict SMPLX parameters from
a target sparse mesh.
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B. Dense keypoint detection

The dense 2D keypoints are defined to semantically cor-
respond to the 3D vertices of our sparse mesh. We used
the conditional dense body keypoint detection model from
SAM 3D Body [20] to infer these 595 body surface key-
points. This model takes a human—centered image and a
set of 23 sparse human body keypoints as condition to es-
timate the dense surface points. We leverage the synthetic
dataset BEDLAM [1] to train the network, where the back-
bone weights were initialized with ViTPose [19] to maintain
the generalizability to the real images. During inference,
we first run ViTPose to extract the sparse 23 keypoints from
the input images, which are then fed into the network as
the conditioning signal to predict the final 595 dense body
surface keypoints. When training the diffusion models, the
dense keypoint detection model is frozon.

Figure 4 visualizes keypoint detection results on the
EMDB dataset [6]. Edges from the sparse mesh are added
to improve visualization clarity.



C. Experiment details
C.1. Training

We train our camera-space model and world-space model
with similar setups. We train each model with 8 H200
GPUs, with a batch size of 32 per GPU leading to an ef-
fective batch size of 256. The sequence length 7" is 120
frames.

Architecture. We use the same diffusion transformer
(DiT) [13] architecture for the two motion models. It has
8 self-attention layers with d_model = 512, each with 8
heads for multi-head attention, and a hidden dimension of
2048 for the feedforward layer.

Data. To train our camerea-space motion model, we use
AMASS [10], Goliath [11], BEDLAM [1] and 3DPW [18].
For AMASS and Goliath, we generate the 2D dense key-
points from the ground truth annotation and do not use im-
ages. For BEDLAM and 3DPW, we generate the 2D dense
keypoints and use PromptHMR to extract image features.

To train our world-space motion model, we use
AMASS [10], BEDLAM [1] and 3DPW [18]. We use
the same procedure as training the camera-space model to
generate the inputs. We then use the frozen camera-space
model and lifting to generate the inputs for the world-space
model training.

We train the dense keypoint detection model with BED-
LAM by generating 2D dense keypoints from the ground
truth annotation. We train the Sparse-mesh-to-SMPLX iter-
ative network with BEDLAM and 3DPW.

Augmentation. We employ data augmentation and an aug-
mentation in diffusion noise sampling during training.

We apply augmentation to the generated 2D dense key-
points for training the motion models. We apply noise, per-
turbation, and masking to the keypoints to simulate detec-
tion errors. We apply these augmentation at the point level
(e.g. by sampling a set of keypoints) and at the part level
(e.g. by applying the same perturbation or masking to all
keypoints in a body part).

For training the diffusion models, we apply an aug-
mentation to the sampling of diffusion time step k. For
50% of the samples, we uniformly sample time steps
from {1,...,1000} similar to the standard diffusion train-
ing [5, 17]. For 50% of the samples, we set £k = 1000,
corresponding to the highest level of corruption. This is
equivalent to the “estimation mode” in GENMO [7], which
finds this strategy encourages the diffusion model to pro-
duce good estimation during early diffusion steps.

C.2. Evaluation metrics

Camera-space reconstruction. We evaluate our model’s
camera-space reconstruction accuracy using three metrics:

Figure 3. Sparse mesh to SMPLX estimation. Examples of the
predicted SMPLX mesh (black) overlaid on the target sparse mesh
(white).

Figure 4. Dense keypoint detection on the EMDB dataset [6].
Edges added for visualization only.

MPJPE, PA-MPJPE, and PVE. The MPJPE (mean per-joint
position error) aligns the prediction with the ground truth
at the pelvis location (removing translation) and measures
the mean squared error (MSE) on the 3D joints. The PA-
MPIPE (Procrustes-aligned MPJPE) rigidly aligns the pre-
diction and ground truth 3D joints (removing rotation, trans-
lation and scale) before calculating the MSE on 3D joints.
Finally, the PVE (per-vertex error) aligns the predicted and
ground truth meshes at the pelvis (removing translation) and
computes MSE on the vertices.

World-space reconstruction. We evaluate world-space re-
construction accuracy with WA-MPJPE, W-MPJPE, RTE,
Jitter and Foot sliding. WA-MPJPE and W-MPJPE both
measure 3D joints MSE on 100-frame segments of predic-
tion with the ground truth, but differ in how they align the
prediction with the ground truth. WA-MPIJPE aligns the
whole segment (e.g. 3D joints across 100 frames) while
W-MPIJPE aligns the first two frame (e.g. 3D joints in the
first two frames) [21]. Intuitively, WA-MPJPE measures the
accuracy and coherence of the 100-frame motion snippet,
while W-MPIJPE additionally measures drift.

RTE (root trajectory error) measures the accuracy of the
whole trajectory. It rigidly aligns the trajectories of the root
and computes the mean square error in the unit of %. Jitter
uses finite difference to compute the jerk on the 3D joints to
access motion smoothness. Finally, foot sliding calculates
the displacement on the predicted foot vertices on contact
frames to measure erroneous sliding.



Figure 5. Limitation 1. Because our models do not incorporate
3D scene information, the results exhibit inconsistencies in fine-
grained details.

Figure 6. Limitation 2. In challenging poses, the generated
sparse meshes sometime exhibit unrealistic deformation. Convert-
ing them to SMPL meshes (sec A.3) partially improves the results.

C.3. Limitations

While DuoMo achieves a new state-of-the-art in world-
space human motion reconstruction, it has several limita-
tions that we want to address in future works.

Scene awareness. While we demonstrated that DuoMo can
generate scene-consistent motion with guided sampling in
the Experiment section, the 3D scene information is not ex-
plicitly used. Figure 5 illustrates some failures in terms of
human-scene inconsistency. Future works could incorpo-
rate scene information or other physics-based objectives in
the guided sampling process [22] to improve such scenarios.
Another direction is to train a world-space motion model
that can take 3D scene information as auxiliary condition-
ing.

Uncertainty awareness. We have modeled visibility at the
keypoint level and the frame level, by replacing the em-
beddings of occluded keypoints or frames with null tokens
(Method section). However, the keypoint visibility is de-
termined by thresholding detection confidence, a procedure
that is not always accurate. Turning detection confidence
into a binary visibility label also discards information. Fu-
ture work could improve accuracy of the motion model by
integrating uncertainty reasoning with detection confidence.

Mesh generation robustness. We demonstrate that our ar-
chitecture can generate the motion of mesh vertices, but
in difficult cases the generated meshes could have unreal-
istic deformation. Figure 6 shows examples of deformed
meshes. One interesting direction is to integrate our ar-
chitecture with a tokenized or latent representation of the
sparse mesh [4, 8] in the form of latent diffusion [14].
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