
Mocap-2-to-3: Multi-view Lifting for Monocular Motion Recovery with 2D
Pretraining

Supplementary Material

1. Frequently Asked Questions
1. Why absolute position estimation is necessary?

We aim to reconstruct metrically precise humans from
the real physical world, which is crucial for downstream
applications such as reasoning about human–human, hu-
man–object, and human–scence interactions. While pre-
vious methods can recover global trajectories after ini-
tial frame alignment, they lack correct scale information
and are therefore limited to observing human motion in
isolation. For example, when inferring different individ-
uals, the estimated 3D height of a child might exceed
that of an adult, making it impossible to accurately de-
termine interaction states between people, their relative
positioning, or their interactions with the environment.
To address this, our framework is designed to recover
absolute depth from monocular input while maintaining
action accuracy comparable to state-of-the-art methods.

2. Does the approach’s reliance on calibrated camera
parameters, while other baselines do not require
camera information, raise concerns about fairness?
Monocular vision cannot determine absolute depth, and
we need camera parameters to assist in prediction, which
is the same setting as other methods for recovering ab-
solute pose, such as [15, 20]. To ensure fair compari-
son, we replaced the estimated camera parameters in the
baselines with ground-truth values, as indicated by the †

symbol in the table. In addition, existing SLAM-based
methods can estimate camera parameters and may serve
as an alternative. However, given that our objective is
to recover absolute poses in the physical world with the
highest possible accuracy, and that camera calibration is
not difficult in our application setting, we do not recom-
mend introducing unnecessary errors by replacing cali-
bration with SLAM-based estimation.
Regarding calibration errors in real-world camera setups
and their impact on the system, our test set is also cal-
ibrated using a checkerboard, which already incorpo-
rates the typical level of calibration error and is therefore
equivalent to real-world applications.

3. Does the inclusion of the ground plane limit appli-
cability, and do the results depend on ground plane
input?
The ground plane is calculated from camera parame-
ters and does not require additional point cloud devices
for acquisition, unlike [15] (which also estimates abso-
lute human motion). This imposes no additional burden
in practical applications, which is our advantage. Fur-

thermore, Pointmaps is a plug-and-play module, and we
demonstrate that it can assist in multi-view prediction.
It can be applied to any multi-view task with similar re-
quirements. The role of pointmaps is to help the absolute
trajectory converge faster, but it does not aid the network
in learning motion details (local pose). Since MPJPE
and PA-MPJPE evaluate local pose performance, af-
ter removing root influence, our motion framework still
maintains an advantage in learning fine-grained motion
details.

4. Is obtaining camera parameters and relying on a
fixed camera setup less flexible than the methods like
WHAM or GVHMR?
The goal of this work is not merely to enhance the qual-
ity of relative trajectory estimation, but to tackle a more
fundamental task: accurately estimating both human
motion and absolute positioning in long-term behavior
analysis scenarios where cameras are typically fixed.
While previous approaches like WHAM and GVHMR
provide more flexible camera motions by estimating rel-
ative positions, their inability to recover correct human
scale creates significant practical limitations. Our com-
parison with state-of-the-art human reconstruction meth-
ods demonstrates that our approach achieves compara-
ble motion accuracy while properly recovering absolute
positioning. While both approaches study motion es-
timation, their scopes differ fundamentally: tasks with
moving cameras require only relative trajectory estima-
tion, while monocular absolute position recovery applies
when cameras are fixed and poses are known.
Importantly, our framework offers two main contribu-
tions. If absolute positioning is not required, the cor-
responding modules (pointmaps and global movement)
can be removed, eliminating the need for camera pa-
rameters as input and enabling the prediction of relative
poses instead. Nevertheless, the architecture still allows
2D data to enhance 3D motion performance, address-
ing one of the major limitations in 3D prediction—OOD
generalization. This architectural design holds signifi-
cant potential for the future development of 3D motion
recovery. Our flexibility lies in the ability to leverage a
wider range of data and to accommodate more diverse
keypoint formats, which are limitations in existing meth-
ods.

5. Although data augmentation is used in the second
stage, is the improvement in motion diversity still lim-
ited by the availability of 3D data?



The second stage mainly learns multi-view consistency
and global information, while diversity and priors are
learned in the first stage, which is also a key innovation
of our approach. Our early experiments show that diver-
sity is highly related to the first stage—for example, even
if the 3D training data only includes walking, the model
can still learn to run if running data is added during 2D
pretraining.

2. Related Works

2.1. Multi-view Structures
A large body of work in multi-view image generation
frames 3D prediction as producing view-consistent 2D ren-
derings across cameras. Zero-1-to-3 [11] predicts a novel
view from a single input image and a specified relative
pose, seeding the field with pose-conditioned novel-view
synthesis. Subsequent methods train multi-view diffu-
sion models that generate multiple views jointly to enforce
cross-view consistency; representative examples include
MVDream [17], SyncDreamer [12], and Wonder3D [13],
with further extensions to multi-view video generation [9].
Diffusion-based architectures excel at modeling complex
feature distributions and produce diverse yet coherent sam-
ples across viewpoints, offering clear advantages over de-
terministic regression backbones. After pretraining on large
3D object datasets [3], these models produce geometrically
consistent results across viewpoints.

Inspired by these multi-view designs, we reformulate
complex 3D human motion as multi-view 2D motion syn-
thesis. Within this framework, we (1) introduce a pretrain-
ing stage to learn rich 2D priors, and (2) decouple video and
pose, using only pose as input. This lets us apply arbitrary
3D-data–driven augmentations while avoiding image super-
vision, substantially improving data efficiency and cover-
age.

3. Model Architectures

3.1. Definition of world coordinate system
In the training set, the world coordinate system is defined ei-
ther with the origin at the person’s position in the first frame
or at a fixed location at the center of the area (Fig.1 (a)). To
establish a unified representation of the world coordinate
system, we transform it to the ground plane of the current
inference viewpoint V0. The world coordinate system fol-
lows the right-hand rule, as shown in Fig.1 (b), where green
represents the y-axis, blue the x-axis, and red the z-axis. We
rotate the y-axis (by angle θ) r◦ such that the z-axis points
toward the optical center of camera V0, with the origin posi-
tioned below the camera’s focal point. The x-z-axes remain
parallel to the ground, and y = 0 denotes the ground plane.
We denote this transform as TV0

w . This transformation is

(b)

(a)

Figure 1. (a) Original world coordinate system. (b) The trans-
formed world coordinate system is positioned beneath the primary
camera V0.

then applied to each camera and motion sequence.

R = F (r, 0, 0),

t = (tx, 0, tz),

TV0
w = {R, t} ,

Vi = Vo
i · TV0

w

−1
,

W3d =W3d · TV0
w

−1
. (1)

Let F (·) denote the transformation from Euler angles to
a rotation matrix, Vo

i represent the original pose of the i-
th camera, and Wo

3d odenote the original 3D coordinates
of the sequence. The transformed coordinate system deter-
mines the observation viewpoint directly from camera pa-
rameters during training and inference, facilitating a stan-
dardized unified representation.

3.2. Virtual Multi-view System
Our benchmark comprises K cameras V0:K . During the
pretraining phase, for 3D projection data, we randomly
sample one camera from the K available cameras for pro-
jection at each batch, while the 2D data incorporates sam-
ples from all K cameras. In the fine-tuning phase, our
multi-view system consists of 4 views: one primary cam-
era V0 and three virtual cameras (sampled from the K cam-



eras). This ensures both the observation camera and virtual
cameras leverage the motion priors learned during pretrain-
ing, with fine-tuning focusing exclusively on learning multi-
view geometric consistency.

For instance, in industrial applications, we deploy K
monitoring sites, each equipped with a single camera. Our
core idea is to effectively utilize monocular cameras from
different sites to form a virtual multi-view system, rather
than deploying multiple cameras in a single site, which
is resource-intensive. In this setup, each site’s monocular
camera serves as the primary camera, while cameras from
other sites act as virtual auxiliaries. Since each site can col-
lects 2D data, every camera inherently learns a prior map-
ping from image space to 2D pose during pretraining. Dur-
ing fine-tuning, cameras from other sites can form virtual
multi-view systems with the current observation site’s cam-
era. When significant scale differences between sites pre-
vent overlapping observation ranges, we manually config-
ure virtual cameras that participate in training during both
phases. This design enables the model to focus on learning
motion-to-camera mapping in the first stage. In the sec-
ond stage, where each view already possesses motion pri-
ors, it only needs to additionally learn cross-view geometric
consistency and standard human skeletal proportions. This
framework allows motion generalization to be achieved by
merely collecting 2D data from each viewpoint.

3.3. Pointmap calculation
For any dataset where the world coordinate system is
grounded on the ground plane and the camera parameters
are known, we compute the ground plane equation. This
equation is then converted into a more intuitive pointmap
representation. Pointmaps represent the (xw, yw, zw) val-
ues in the world coordinate system corresponding to each
pixel (u, v) on the image I from any given viewpoint
V . The ground plane is defined as y = 0 in the world
frame and can be transformed into any camera view as
π : ax + by + cz + d = 0, where a, b, c, d are the plane
coefficients. Following [8], for any pixel (u, v), we com-
pute the projected depth zc on the plane using π and camera
intrinsics: 

ax+ by + cz + d = 0,

fx
x

z
+ cx = u,

fy
y

z
+ cy = v.

(2)

Where fx and fy are the focal lengths of the camera, and
cx and cy are the principal point offsets. The depth zc can
be calculated as:

zc =
−d

a(u−cx)
fx

+
b(v−cy)

fy
+ c

. (3)
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Figure 2. Conditional Multi-view Diffusion model. The
model takes V0 2D motion sequence as conditional input, where
pointmaps and motion sequences separately undergo View Atten-
tion to learn multi-view relationships, followed by Cross Attention
to guide motion generation. The 2D Motion Diffusion Model is
initialized with weights pretrained on 2D data.

Given (u, v) and zc, the corresponding coordinates in the
camera coordinate system (xc, yc) can be computed for any
pixel:

xc =
(u− cx) · zc

fx
,

yc =
(v − cy) · zc

fy
. (4)

The coordinates (xc, yc, zc) are transformed into the
world coordinate system (xw, yw, zw) using the camera ex-
trinsics. In this way, we obtain the corresponding world
coordinate (xw, yw, zw) for each pixel (u, v) in the image
I , and all such points together form the pointmap P .

Note that the computed ground is virtual and makes no
assumption that the person is standing on it; this formula-
tion ensures that motions on non-flat ground remain unaf-
fected. We refer the reader to our video demo for detailed
visualizations.



3.4. Conditional Diffusion Model
The diffusion model is defined as predicting motion se-
quences across all viewpoints under given conditions
pθ(M0:4|C, n),where θ is the parameter learned by the
network, n is the time step. The condition C =
[ϵ,M0,K,RT ,P], includes the 2D motion sequence M0

from viewpoint V0, camera extrinsic parametersRT , intrin-
sic matrix K and pointmaps P .

The camera extrinsicRT = {ψ, ϕ, ty}, where ψ denotes
the pitch angle (rotation about the x-axis), ϕ represents
the roll angle (rotation about the z-axis) and ty represents
camera height.The camera intrinsics K = {fx, fy, cx, cy},
where f· denotes the camera focal length and c· represents
the principal point offset. The pointmaps are first down-
sampled from the original image to 224 × 224 resolution,
with P ∈ Rv×224×224×3, then processed through a ResNet
for feature extraction P̃ = Res(P). The View Attention
layer performs self-attention across different views at the
same (t, j) location, ensuring cross-view consistency. The
structure of the Conditional Multi-view Diffusion model is
shown in Fig.2.

3.5. Inference details
The denoising process contains N (in this paper N = 100
) iterative steps, where the initial noise is produced through
the projection of randomly sampled 3D noise ϵ3d onto the
observation space.

This ensures geometric consistency in the initialization.
At each timestep n, we transform the predicted local poses
Mln

v of each view into global joint coordinatesMgn
v using

Eq. (5).

Mg
v,{1:J} = Ml

v · sv + τv ,

Mg
v = [τv ,Mg

v,{1:J}].
(5)

The 3D motion Mn
3d in world coordinates is obtained

through triangulation, which is then projected to all camera
views. To ensure multi-view geometric consistency at every
timestep, we subsequently recompute the local pose M̃ln

v

and global movement M̃τn
v . Finally, this information is

used to update step n− 1.

M̂gn
v = proj(Wn

3d),

M̃ln
v = norm(M̂gn

v ),

M̃τn
v = bbox(M̂gn

v ),

M̃v =
{
M̃ln

v ,M̃τn
v

}
. (6)

Where proj(·) denotes the projection function, norm(·)
computes normalized coordinates within bounding boxes,
and bbox(·) calculates both the root joint’s global coordi-
nates and bounding box scale. Crucially, at each timestep,
we update per-view local pose and global movement using

Algorithm 1 Inference for Conditional Multi-view Diffu-
sion
Require: Timesteps N ; condition C = [ϵ,M0,K,RT ,P]
Ensure: World-coordinate 3D motionW0

3D ∈ RT×J×3

1: P̃ ← ResNet-18(P)
2: Sample ϵ3D and setMN ← repro(ϵ3D)
3: for n = N − 1, . . . , 0 do ▷ reverse denoising
4: {Mℓn

v ,Mτn
v }V−1

v=0 ← Dmv(ϵ,M0,K,RT , P̃, n)
5: Mgn

v ← g(Mℓn
v ,Mτn

v ) by Eq. (5), ∀v
6: Wn

3D ← triangulate({Mgn
v }v,K,RT )

7: for each view ⊑ do
8: M̂gn

v ← proj(Wn
3D,Kv,RT v)

9: M̃ℓn
v ← norm(M̂gn

v )

10: M̃τn
v ← bbox(M̂gn

v )
11: end for
12: Mn−1 ← {M̃ℓn

v ,M̃τn
v }v ▷ inputs for next step

13: end for
14: returnW0

3D

15: (optional) If SMPL needed: (β,θ) ←
SMPLify(W0

3D)

the world-coordinate 3D motion Wn
3d, thereby strictly en-

forcing multi-view consistency. The overall multi-view dif-
fusion denoising inference process is illustrated by the fol-
lowing pseudocode.

4. Experiment Details
4.1. Implementation
Our diffusion model is constructed with 8 transformer de-
coder layers, each layer having 4 heads and 512 hidden
units. We trained the model using eight NVIDIA V100
GPUs. In pretraining, HumanML3D [5] is projected onto
random viewpoints to speed up multi-view model conver-
gence, and in-distribution 2D human data like RICH [6]
training set can be added. This phase uses a learning rate
of 1e-4, a batch size of 64, and runs for 2k epochs. Subse-
quently, we fine-tuning the multi-view diffusion model us-
ing HumanML3D [5], BEDLAM [1], and Human3.6M [7],
where HumanML3D [5] includes HumanAct12 [4] and
AMASS [14]. The multi-view training is configured with
4 views (V = 4), a reduced learning rate of 1e-5, a batch
size of 39, and extends over 3k epochs. Throughout both
stages, we employ the Adam optimizer for parameter up-
dates. The model supports a maximum sequence length of
L = 300.

4.2. Evaluation datasets
RICH [6] comprises multi-view outdoor and indoor video
sequences at 4K resolution, providing accurate 3D global
motion labels. It includes 52 test scenes, with 3-4 test view-
points per scene, totaling 191 viewpoints. Compared to



other human 3D pose datasets that are mostly collected in
laboratory settings, the RICH [6] dataset is derived from
real-life scenarios, encompassing a wide range of human
actions and interactions with the environment, such as walk-
ing, sitting, grasping, and more.

AIST++ [10] is currently the largest and most diverse
3D human keypoint annotated database. It includes 1,408
dance clips across 10 dance genres, comprising 10,108,015
frames of human images captured from 9 different camera
angles. Building upon the original multi-view videos, the
dataset has been annotated with 3D skeletal data.

4.3. Qualitative results on RICH
Fig.3 presents additional qualitative results after first-frame
alignment on RICH. Within this coordinate system, we ob-
serve the standardization of motion details. Although the
regression+optimization baseline mainly serves to align in-
puts for fair comparison, its two-stage nature is less prac-
tical than our end-to-end approach. Our method demon-
strates body heights closer to ground truth in challenging
squatting and prone postures, proving its robust generaliza-
tion capability in OOD scenarios.

Fig.4 displays absolute global trajectories in the world
coordinate system. Although SA-HMR [15] incorporates
complete environmental point clouds, it still exhibits in-
accuracies at human-environment contact points, suggest-
ing environmental information alone cannot effectively im-
prove generalization. Notably, SA-HMR [15] produces
some anomalous outliers that would significantly impact
downstream action recognition quality. In contrast, our
temporally-optimized model achieves superior performance
in both motion quality and absolute trajectory accuracy.

4.4. Lifting SMPL keypoints with detector
While robust 2D detectors for SMPL-format poses are still
limited compared to ViTPose [19], we further evaluate our
framework using SMPL-format 2D inputs. Specifically,
(1) Ours∗: noisy 2D inputs with keypoint-wise bias from
dataset statistics, and (2) Ours+: 2D keypoints projected
from GVHMR [16]. All other baselines use ViTPose [19]
detections. Quantitative results are shown in Tab. 1.

Despite the domain gap of SMPL-format detectors, our
model maintains competitive pose accuracy and achieves
clear improvements in all global-trajectory metrics, high-
lighting its robustness and accurate world-scale estimation.
In particular, Ours∗ outperforms all baselines even under
noisy inputs, and Ours+ achieves comparable PA-MPJPE
to GVHMR [16] while significantly surpassing it in MPJPE
and absolute-position metrics. Although slight performance
drops are observed under detector domain bias, the overall
robustness of our method remains consistent, which is rea-
sonable given the cross-domain discrepancy.

These results demonstrate that our framework general-

Methods PA-MPJPE↓ MPJPE↓ W-MPJPE↓ WA-MPJPE Abs-MPJPE↓
SMPLify [2] 98.5 187.4 417.0 218.2 473.2
SA-HMR [15] 51.1 93.2 – – 268.3
WHAM [18] 44.3 80.0 198.5 116.6 –
GVHMR [16] 39.8 66.1 126.3 78.8 –
Ours∗ 26.7 40.5 83.4 50.7 160.3
Ours+ 40.6 62.1 106.6 67.8 194.3

Table 1. Quantitative results on RICH. The symbols ∗ denotes
noisy 2D input, and + indicates 2D keypoints projected from
GVHMR [16] as input.

izes well across different 2D keypoint sources, while ex-
hibiting clear superiority in estimating global motion and
absolute positioning, and progressively refining motion ge-
ometry and global accuracy throughout the denoising pro-
cess. In future work, we aim to improve the 2D SMPL-
format motion prediction model and explore incorporating
detection confidence during training to further enhance ro-
bustness.

It should be emphasized that although we compare with
WHAM [18] and GVHMR [16], we address fundamen-
tally different problems: our primary objective is to re-
cover absolute human poses in world coordinates from
monocular input, rather than estimating root aligned global
trajectories, as this enables wider applications in interac-
tive scenarios. We include comparisons with WHAM [18]
and GVHMR [16] to demonstrate that our method achieves
comparable motion performance while additionally recov-
ering absolute positioning.

4.5. Qualitative results on AIST++

Fig.5 demonstrates our qualitative results using COCO-
format skeletons. In OOD scenarios (e.g., squatting kicks),
our method produces more standardized motions. While
both our approach and GVHMR [16] employ temporal op-
timization, our method avoids extreme outliers (such as un-
realistic ”floating” poses) and generates more physically
plausible movement trajectories. This further validates our
framework’s extensibility to arbitrary human keypoint for-
mats, including custom-defined skeletons, offering greater
flexibility than alternative methods.

4.6. Root trajectories comparison

To validate our method’s ability to recover motion over long
horizons and along complex trajectories, Fig.6 visualizes
the human motion trajectories projected onto the y = 0
plane of the world coordinate system. All methods are
aligned to the first frame for fair comparison. As shown
in the figure, due to monocular depth ambiguity, methods
such as GVHMR [16] tend to exhibit trajectory drift over
time in long sequences. In contrast, our method is able to
recover the absolute position without suffering from error
accumulation over time, resulting in a global trajectory that
remains consistently close to the ground truth.



Ground Truth Ours GVHMR+SMPLify GVHMR WHAM+SMPLify 

Figure 3. Qualitative comparison on RICH. Compare global motions after first-frame alignment in world coordinates. Our method
eliminates floating artifacts present in baseline results.

Ground Truth Ours SA-HMR

Figure 4. Qualitative comparison on RICH. Comparison of unaligned absolute poses in shared world coordinates. Our method achieves
more accurate absolute position estimation.

4.7. Qualitative results of the ablation study

Fig.7 compares the results with and without incorporating
homologous 2D data during pretraining. The visual com-
parison demonstrates noticeable quality improvements in

motion details, particularly for out-of-distribution actions,
when 2D data is included. This indicates that our architec-
ture can effectively learn motion priors and diversity during
pretraining, and mocap quality can be enhanced by adding



Figure 5. Qualitative evaluation on AIST++ (COCO keypoints):
Our method achieves better OOD motion performance and is free
from spatial outliers.

2D data.
Fig.8 illustrates the impact of adding pointmaps as ad-

ditional input on network convergence speed. The training
curves clearly show faster convergence when pointmaps are
utilized.
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