
CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

MoCapAnything: Unified 3D Motion Capture for Arbitrary Skeletons from
Monocular Videos

Supplementary Material

1. More Visualization Results001

In this section, we summarize additional qualitative re-002
sults from our supplementary webpage. These visualiza-003
tions highlight the effectiveness of our approach across con-004
trolled multi-species datasets, in-the-wild videos, and cross-005
species retargeting scenarios, showing that our model pro-006
duces high-fidelity and temporally smooth motion under a007
broad range of conditions.008

Comparison with GenZoo. We compare our results with009
GenZoo, a single-image animal pose and shape estima-010
tor trained on synthetic quadruped data. Without temporal011
modeling, GenZoo exhibits frame-wise inconsistencies and012
pose fluctuations when applied to video sequences, even for013
quadruped inputs. In contrast, our method models motion014
dynamics explicitly, yielding smoother and more coherent015
4D reconstructions that better follow ground-truth trajecto-016
ries.017

Mocap Results. The supplementary webpage provides018
additional mocap visualizations. From Truebones Zoo,019
we show examples spanning multiple animal species with020
diverse skeletal structures; from Objaverse, we include021
bipedal characters to demonstrate adaptability across differ-022
ent asset types. We also present in-the-wild cases such as023
flying birds and crocodiles to illustrate performance on real024
video inputs.025

Arbitrary Motion Retargeting. We further include mo-026
tion retargeting examples: Zoo2Zoo transfer across dif-027
ferent animal species, Human2Zoo transfer applying hu-028
man motions to animal skeletons, and Zoo2Human transfer029
mapping animal motions to a human skeleton. For In-the-030
Wild2Human results, motions from videos of animals such031
as eagles and leopards are retargeted to a human skeleton.032
These examples show that our model handles large varia-033
tions in morphology, topology, and motion dynamics.034

IK Visualization. We also provide IK fitting visualiza-035
tions, showing recovered joint rotations and the improved036
temporal stability and orientation consistency achieved037
through geometric initialization, temporal warm-starting,038
and twist-regularized refinement. We additionally report an039
average geodesic rotation error of approximately 17◦, indi-040
cating reasonable rotation accuracy after IK.041

Figure 1. Qualitative comparison with GenZoo on the True-
bones Zoo dataset. Our method produces smoother trajectories
and maintains stable, anatomically plausible motions across a wide
variety of skeleton types, including non-quadrupeds. In contrast,
GenZoo is limited to quadruped structures and often fails to gen-
eralize to more diverse or complex skeletal configurations. Visu-
alizations highlight our approach’s superior accuracy, robustness,
and generalization ability.

2. More Experiment Results 042

Model Quad Non-Quad All

genzoo 0.4466 0.4740 0.4580
ours 0.2354 0.2821 0.2549

Table 1. Chamfer Distance (CD) results on the Truebones
Zoo dataset.

To our knowledge, GenZoo [1] is among the few 043
works that attempt category-agnostic animal motion cap- 044
ture. However, it mainly supports quadruped species and 045
struggles to generalize to more diverse skeletons. Since 046
GenZoo does not produce joint-aligned skeletons compat- 047
ible with MPJPE/MPJVE evaluation, we adopt Chamfer 048
Distance (CD-Skeleton) as a structural metric for com- 049
parison. For a comprehensive comparison, we evaluate 050
both methods on the Truebones Zoo dataset, using the CD- 051
Skeleton metric to measure the structural accuracy of the 052
predicted skeletal motion. 053

As shown in Table 1, our approach achieves significantly 054
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lower CD-Skeleton errors than GenZoo across all cate-055
gories. On the overall test set, our method reduces the av-056
erage error from 0.4580 to 0.2549, indicating a substantial057
improvement in capturing and reconstructing diverse skele-058
tal motions, especially for non-quadruped species where ex-059
isting methods perform poorly.060

Figure 1 presents representative qualitative results on the061
Truebones Zoo dataset. Compared to GenZoo, our predic-062
tions exhibit smoother motion trajectories, higher anatomi-063
cal fidelity, and robust stability across both quadruped and064
non-quadruped skeletons—including bipeds, birds, reptiles,065
and even non-biological assets. GenZoo, while currently066
the most widely applicable animal motion capture method,067
is fundamentally constrained by its reliance on quadruped068
skeleton templates and struggles to generalize to broader069
categories.070

For further qualitative comparison, we provide side-by-071
side visualizations of our results and GenZoo’s on our072
project homepage, showcasing the advantages of our ap-073
proach in both accuracy and generalization.074

3. Implementation Details075

A. Dataset and Training Details076

Dataset Processing. Our 60-sequence benchmark com-077
position: 27 mammals, 9 birds, 12 dinosaurs+dragons, 7078
reptiles (incl. snakes), 2 aquatic, 3 arthropods. All meshes079
and joints are first scaled by the bounding box of their rest080
pose, normalizing each mesh into a unit-volume space. For081
sequence data, we remove the global translation of every082
frame, compute a sequence-level super bounding box, and083
uniformly scale the entire sequence into the range [−1, 1]3.084
For in-the-wild video inputs, we assume a fixed camera po-085
sition throughout the sequence.086

Training details. The network consists of 12 layers for087
decoder, and a prompt encoder composed of 4 layers. All088
experiments are conducted on 8 GPUs, each equipped with089
64 GB of memory. The model is trained for 60 epochs using090
the Adam optimizer, requiring approximately 36 hours in091
total. We use a learning rate of 1×10−4 and a batch size of 1092
per GPU. Training is performed with paired supervision for093
motion capture (not retargeting). For each sample, we select094
a reference asset from the same species (one frame provid-095
ing image, unordered mesh, and skeleton as prompt) and096
predict 3D joint positions for a 24-frame input video. The097
loss is defined on joint positions, followed by a lightweight098
inverse kinematics (IK) fitting step to recover joint rotations099
for deployment. We employ a sliding-window mechanism100
to support inference on arbitrarily long videos. During at-101
tention computation, masked joints are excluded, and both102
joint identity embeddings and skeletal topology are incor-103
porated as conditioning signals. We do not explicitly train104

on retargeting pairs. Nevertheless, the learned reference- 105
conditioned motion representation enables cross-species re- 106
targeting behaviors at inference time. During training, we 107
use ground-truth mesh sequences for efficiency. At infer- 108
ence, we replace them with meshes predicted by a video-to- 109
mesh module (e.g., SWIFT4D), which provide sufficiently 110
stable conditioning in practice, and we empirically observe 111
negligible degradation compared to GT-mesh conditioning. 112

B. Inverse Kinematics Fitting 113

Given a predicted sequence of 3D joint locations {Xt,i} 114
and a kinematic tree with rest-pose offsets oi and parent 115
indices p(i), our goal is to recover temporally stable joint 116
rotations Rt,i ∈ SO(3) such that the forward kinematics 117
(FK) matches the observed joints: 118

Pt,i =

{
0, p(i) = −1,

Pt,p(i) +Rt,p(i) oi, otherwise.
119

Because FK is not injective, position-only constraints 120
do not fully determine local orientation, especially twist 121
around the bone axis. We therefore combine geometric 122
initialization, temporal warm-starting, and differentiable re- 123
finement with twist suppression. 124

Geometric Initialization. For each frame, we compute a 125
closed-form IK estimate Rgeo

t,i . For single-child joints, we 126
align rest-pose and observed bone vectors via axis–angle 127
rotation. For multi-child joints, we solve the orthogonal 128
Procrustes problem: 129

Rgeo
t,i = arg min

R∈SO(3)

∑
k

∥∥Rvrest
i,k − vobs

t,i,k

∥∥2, 130

where vrest are rest-space bone directions and vobs are nor- 131
malized directions from predicted joints. This provides 132
consistent orientations at branching structures (e.g., pelvis, 133
shoulders). 134

Temporal Warm-Starting. To avoid frame-to-frame 135
drift, optimization for frame t is initialized using the so- 136
lution from the previous frame: 137

θ
(0)
t = θ∗

t−1. 138

Differentiable Refinement. Local rotations are parame- 139
terized as axis–angle vectors θt,i ∈ R3 and refined via the 140
loss: 141

Lt = Lpos + λpriorLprior + λtwistLtwist. 142

The FK position loss is: 143

Lpos =
1

N

∑
i

∥∥Pt,i(θt)−Xt,i

∥∥2. 144
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A geometric prior encourages solutions close to the145
closed-form initialization:146

Lprior =
1

N

∑
i

∥θt,i − θgeo
t,i ∥

2.147

Twist Suppression. Since bone-axis twist is under-148
constrained, we penalize rotation components parallel to the149
bone direction ui = oi/∥oi∥. Let θt,i = αt,iât,i. The twist150
magnitude is:151

αtwist
t,i = αt,i (ât,i ·ui).152

We minimize:153

Ltwist =
1

N

∑
i

(
αtwist
t,i

)2
.154

This term suppresses candy-wrapper artifacts while pre-155
serving natural motion around long chains such as tails.156

Summary. The combination of geometric IK, temporal157
warm-starting, and twist-regularized refinement yields sta-158
ble and anatomically consistent joint rotations, significantly159
improving reconstruction quality. Further implementation160
details are provided in the code release.161

4. Evaluation Metrics162

This section describes the computation of the proposed163
metric(CD-Skeleton) that evaluates the alignment between164
two articulated skeletons. Each skeleton is represented by a165
set of 3D joint positions and a kinematic hierarchy defined166
by a parent array.167

Notation168

Let Skeleton A and Skeleton B be defined as:169

• Joint positions:170

XA = {xA
i ∈ R3 | i = 1, . . . , N},

XB = {xB
i ∈ R3 | i = 1, . . . , N}.

171

where N is the number of joints.172
• Kinematic hierarchy, defined by a parent array:173

pA,pB ∈ {−1, 1, . . . , N}N ,174

where pAi = −1 (or pBi = −1) indicates a root joint.175

Although the parent arrays may differ, the metric as-176
sumes a known correspondence of joint indices between the177
two skeletons.178

Distance From Joint to the Other Skeleton 179

For each joint of Skeleton A, we compute its distance to the 180
closest point on the bone segments of Skeleton B. Skeleton 181
B consists of line segments defined by its kinematic tree: 182

SB = {(xB
i , x

B
pB
i
) | pBi ̸= −1}. 183

For a joint xA
i , its distance to Skeleton B is defined as: 184

d(xA
i ,SB) = min

(b1,b2)∈SB

∥∥xA
i −Πb1,b2

(xA
i )

∥∥ , 185

where Πb1,b2
(v) denotes the orthogonal projection of point 186

v onto the line segment connecting b1 and b2. This projec- 187
tion is computed as: 188

Πb1,b2
(v) = b1+clip

(
(v − b1) · (b2 − b1)

∥b2 − b1∥2
, 0, 1

)
(b2−b1),189

where clip(t, 0, 1) = max(0,min(t, 1)) ensures the pro- 190
jected point lies on the segment. 191

Similarly, we can compute the distance from joints of 192
Skeleton B to Skeleton A. 193

Skeleton-to-Skeleton Distance 194

The asymmetric distance from Skeleton A to Skeleton B is: 195

D(A → B) =
1

N

N∑
i=1

d(xA
i ,SB). 196

The symmetric distance is defined as: 197

Dsym(A,B) =
1

2
(D(A → B) +D(B → A)) . 198

Interpretation 199

This metric evaluates how closely each joint of one skeleton 200
lies to the structure of the other skeleton, capturing differ- 201
ences in global pose, limb orientation, and proportions. The 202
symmetric version provides a balanced measure when nei- 203
ther skeleton should be considered the reference. 204
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