MorphGS: Morphology-Adaptive Articulated 3D Motion
Transfer from Videos

Appendix

In this appendix, we provide implementation details (Sec. , extended ab-
lation studies (Sec. , an analysis of morphology adaptation (Sec. |C)), and an
identifiability analysis of the proposed morphology parameterization (Sec. @[)
We further present additional real-world results that extend those in the main
paper, along with full per-scene tables and 3D visualizations (Sec. .

Video Results: Supplementary videos are available via ./supplementary_
videos/index.html or can be directly accessed in ./supplementary_videos/
static/videos.

A Implementation Details

A.1 Training objective and regularization

Following Sec. 3.4 of the main paper, we optimize the following objective at each
frame:

ACt = >\render (Erender + >\mv£mv) + )\keypﬁkeyp + ‘Creg7 (]-)

where Lieg = Lomooth + Lchamt + Lirans + Larap. We define each term below.

Temporal smoothness To discourage abrupt changes over time, we further im-
pose an [1 penalty on frame-to-frame differences in the joint motion parameters

¢ . ¢
0 and the root translation d,,:
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where Agmooth 1S the loss weight.

2D Chamfer distance Following Yao et al. [18], we use a 2D Chamfer distance
to align the deformed 3D skeleton with the source silhouette structure in the
image plane. Specifically, let S; denote the 2D skeleton point set extracted from
the source foreground mask (2; by morphological thinning [21]. We sample 3D
points ¢! on the deformed skeleton and project them to the image plane with 7,
yielding the projected point set S; = 7 (ct):

Echamf = )\Chamf CDll (St7 St)a (3>

where CD;, denotes the Chamfer distance [4] under the I; norm, and Achams is
the corresponding loss weight.



Transformation regularization To discourage excessive joint rotation angles
and root translations, we impose an ¢; penalty on the per-frame root translation
and joint rotation angles. Let 0; = Oz;ﬁ; denote the axis-angle pose parameter
of joint j at frame ¢, where a§ is the rotation angle and ﬁE» is the unit rotation
axis.

o +37 ot
Ltrans = )\trans || OOt”l szil | J| . (4>

Here, Atrans is the loss weight, Jﬁoot is the root translation at frame ¢, and .J is
the number of joints.

As-Rigid-As-Possible We use an ARAP loss defined on canonical nearest-
neighbor pairs. For each Gaussian k, the neighborhood N(k) is defined in the
canonical pose using the canonical Gaussian centers vi. We then penalize de-
viations between the canonical distances ||vy — v, || and the posed distances
|vi. — vi| for n € N(k), where vi denotes the center of Gaussian k at frame ¢:
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We use the log(1 + +) form to reduce the contribution of larger discrepancies.

Loss weights For Eq. [I, we use Aender = 1.0, Ay = 0.25, and Ageyp = 0.006.
For motion regularization, we use Atrans = 0.005, Asmooth = 0.01, Achams = 0.001,
and Aarap = 1.0.

A.2 Model and optimization details

Pose network The pose network is an MLP-based motion field following Uzolas
et al. [14]. A scalar time input is encoded with a sinusoidal positional embedding
and mapped to a 30D latent code by a small time encoder. This code is processed
by an 8-layer MLP with 256 hidden units and a skip connection. Two linear
heads predict the global 3D translation and per-joint axis-angle rotations. These
are converted to joint SFE(3) transforms via Rodrigues’ formula and skeletal
kinematics, and applied using linear blend skinning.

Optimization details We use learning rates of 0.005, 0.01, and 0.001 for the
motion network, global scale, and bone lengths, respectively. Bone lengths are
optimized from the start of training, with a step decay of 0.1 applied every 1K
iterations, starting at iteration 1K. For Gaussian attributes including offsets, we
use the default learning-rate settings of 3D Gaussian Splatting [5].



Table Al: Effect of se- Table A2: Effect of Table A3: Analysis on
mantic feature extrac- correspondence den- synthesized-view supervi-
tors. PMD (x10%, |) and sity. PMD (x10%, |) and sion. PMD (x10%, |) and
FVMD (x1073, |) for dif- FVMD (x107%, |) remain FVMD (x107?, ]) improve
ferent frozen feature extrac- stable as the retained consistently as the number of
tors show that Geo-Aware ratio of sampled corre- synthesized views increases.
yields the best overall re- spondences decreases.

sults. #Synth. views PMD FVMD
Ratio (%) ~ PMD FVMD "o (/o r v 296 11.93
Method PMD FVMD oo 1ol ss2 1 297 1191
DINOv2 (7] 2.90 9.45 50 1.94 9.05 2 2,18 941
DINOv3 [10]  2.19 9.42 30 195 914 4 191 8.82
Geo-Aware [20] 1.91 8.82 10 1.96 936 8 1.85 7.97

A.3 Camera and synthesized-view setup

Camera setup In all experiments, we render the posed target from a fixed refer-
ence camera chosen from the predefined canonical views of the target mesh, with
intrinsics kept fixed throughout optimization. Instead, frame-wise source—target
alignment is modeled by a per-frame root transform in SE(3). The same setup is
used for both synthetic and real videos regardlessly. For synthesized-view guid-
ance, auxiliary views are rendered by rotating the fixed reference camera around
the object center by the prescribed azimuth offset [17], while keeping the intrin-
sics unchanged.

B Extended Ablation Studies

We extend the ablation studies in Sec. 4.4 of the main paper with additional
analysis on design choices. All experiments are conducted on the Mixamo dataset
unless otherwise noted.

Geometry-aware semantic features Distinguishing semantically similar but
geometrically different parts, such as left and right limbs, is important for accu-
rate correspondence matching. We therefore use a pretrained geometry-aware se-
mantic feature extractor (Geo-Aware) [20]. We compare Geo-Aware, DINOv2 |7],
and DINOv3 [10] while keeping the rest of the optimization pipeline fixed. All
feature extractors are used frozen. Tab. [A1]l shows that Geo-Aware achieves the
lowest PMD and FVMD among the compared variants, indicating that features
trained to resolve left-right ambiguity are better suited to our motion learning
setting.

Keypoint density We further vary the density of keypoint supervision by ran-
domly retaining a fraction of the 1K sampled correspondences per frame. As
shown in Tab. reducing the retained ratio from 100% to 10% causes only a
modest degradation, with PMD increasing from 1.91 to 1.96 (+2.6%) and FVMD
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Table A4: Extended monocular ablation analysis. Best baseline indicates SPT™
for Mixamo, NPR* for DT4D-Quadrupeds, and Pinocchiot for DT4D-Others.

Mixamo DT4D-Quadrupeds DT4D-Others
Method PMD FVMD PMD FVMD PMD FVMD
Best baseline* 2.96 12.56 3.28 16.32 7.16 17.52
Ours w/0 Ly 2.96 11.93 2.29 11.75 3.16 13.15
Ours 1.91 8.82 1.33 8.81 1.95 12.83

Table A5: Effect of target rig initializa-
tion. Results on DT4D-Quadrupeds with dif-
ferent auto-rigging methods used to initialize
the target rig. PMD (x10%, |) and FVMD
(x1073, |) vary with the choice of rig initial-
izer.

Table A6: Effect of pose pa-
rameterization. Comparison between
direct per-frame pose optimization
and a time-conditioned pose network.
The pose network yields lower PMD
(x10%), FVMD (x107?%), and Jitter

(km/s®) than per-frame pose optimiza-

Method PMD FVMD

tion.
MorphGS + Pinocchio |2] 1.49 9.79 -
MorphGS + RigNet [15] 1.33 881  Method PMD FVMD Jitter
MorphGS + MagicArticulate [12] 1.21 8.94 Per-frame Pose 2.60 12.98 0.15
MorphGS + Puppeteer [11] 1.14 8.62  Pose Network 1.91 8.82 0.09

from 8.82 to 9.36 (+6.1%). This indicates that the sampled correspondences
mainly constrain coarse part-level alignment rather than fine-grained geometry.
Once this alignment is provided, further increasing the correspondence density
has a limited effect on the final result.

Number of synthesized views Tab.[A3|reports the effect of varying the num-
ber of synthesized views N used in L, (Eq. 13). PMD and FVMD decrease
monotonically as N increases from 0 to 8, confirming that additional viewpoints
provide complementary supervision, with diminishing returns beyond N = 4. We
use N = 4 as the default, as increasing to N = 8 yields only a modest further
improvement (PMD: 1.91 — 1.85, FVMD: 8.82 — 7.97) while increasing the cost
of novel-view synthesis. Notably, even without multi-view supervision (N = 0),
MorphGS achieves PMD of 2.96 and FVMD of 11.93, already matching SPT™
in PMD and outperforming it in FVMD (12.56), indicating that the rendering
and keypoint losses alone provide a competitive baseline. We further extend the
monocular (N = 0) versus multi-view (N = 4) comparison to every evaluated
synthetic dataset split in Tab.[A4] where MorphGS remains competitive with or
surpasses the best baseline.

Auto-rigging methods We ablate the target rig initialization used in Mor-
phGS by replacing the off-the-shelf auto-rigging tool |2L[11}{12,[15] while keeping
the rest of the optimization unchanged. We report this comparison on DT4D-
Quadrupeds [6], focusing on the setting where target rig initialization is required



Table AT7: Quantitative evaluation of adapted skeletons on two character
pairs. MPJPE is measured in the rest pose. PCK@0.1 and PCK@O0.2 use thresholds
of 10% and 20% of the characteristic length (Lchar = v/VaT), respectively.

Method Mannequin — Ortiz Mannequin — Pumpkinhulk
MPJPE | PCK@0.1 1+ PCK@0.21 MPJPE | PCK@0.1 1 PCKQ0.2 71

Pinocchio |2] 0.1013 0.6316 0.8947 0.1280 0.3684 0.8947
Ours 0.0736 0.7368 0.9868 0.0790 0.6316 0.9605
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Fig. Al: Visualization of morphology adaptation. During optimization, the
global scale, bone lengths, and offset vectors are updated from the target initializa-
tion to better match the source subject.

and all compared rigging methods are applicable. As shown in Tab. MorphGS
is applicable with multiple auto-rigging methods, while stronger rig initialization
leads to better PMD and FVMD.

Pose network vs. per-frame pose optimization Tab. [AG compares di-
rect per-frame pose optimization against our time-conditioned pose network
(Sec. 3.3). We additionally report Jitter [19], the mean jerk of all body joints in
global space (km/s®), which reflects the temporal smoothness of the recovered
motion. The pose network outperforms per-frame optimization across all three
metrics (PMD: 1.91 vs. 2.60, FVMD: 8.82 vs. 12.98, Jitter: 0.09 vs. 0.15). The
gain is consistent with the MLP’s implicit temporal continuity, which encour-
ages motion consistency across adjacent frames and suppresses high-frequency
artifacts, as reflected in the lower Jitter score.

C Analysis of Morphology Adaptation

We analyze whether the optimized morphology parameters yield geometrically
meaningful skeletal adaptation. Fig. [AT] shows morphology adaptation during
optimization. The global scale, bone lengths, and offset vectors are updated
from the target initialization.

For evaluation, we measure how closely the adapted target skeleton matches
the ground-truth skeleton in the rest pose. We compare against Pinocchio [2],
a geometry-driven auto-rigging baseline that fits the target skeleton directly
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Fig. A2: Qualitative comparison of adapted skeletons in the rest pose. Joint
positions and bones are shown as colored spheres overlaid on the target mesh for
two character pairs: Mannequin — Ortiz and Mannequin — Pumpkinhulk. Red boxes
highlight the region where our adapted skeleton is more closely aligned with the ground-
truth structure.

to the source mesh. In contrast, our method adapts the target skeleton solely
from the source video, without access to the source 3D geometry. We report
normalized Mean Per-Joint Position Error (MPJPE, |) and Percentage of Cor-
rect Keypoints (PCK, 1) E[I between the adapted skeleton and the ground-truth
skeleton. PCK@Q.1 and PCK@OQ.2 use thresholds of 10% and 20% of the charac-
teristic length Lepar = v/ Var, where Vo denotes the volume of the ground-truth
3D character mesh. For each character pair, the results are averaged over five
motion sequences.

As shown in Tab. [A7 and Fig. our method yields lower MPJPE and
higher PCK than Pinocchio on both character pairs. This indicates that the
adapted skeleton is more closely aligned with the ground-truth skeleton, while
not requiring the source mesh.

D Theoretical Analysis of Morphology Parameterization

In this section, we provide an additional theoretical motivation for our morphol-
ogy parameterization and the staged optimization strategy in Sec. 4.1. By cou-
pling surface geometry to the kinematic chain through a small set of structured
parameters, the monocular optimization problem becomes well-constrained: dur-
ing the early optimization stage where offsets {0y} remain fixed (optimization
stage 1), the skeletal proportions are identifiable up to a global scale under as-

sumptions on the observed motion. We adopt the notation from the main paper
(Eq. 3-6).



D.1 Setup

Consider a monocular video {I;}7_; of an articulated object observed under
weak-perspective projection. The object consists of B rigid bones forming a
kinematic tree 7. We assume:

(A;) Piecewise rigidity. Each bone is a rigid body, and its attached surface
vertices maintain fixed local-frame positions across all frames. This serves
as an idealized approximation of the rig-coupled surface model used in the
main method.

(A;) Non-degenerate motion. Each bone undergoes sufficiently rich motion
across the sequence, including rotations about at least two linearly inde-
pendent axes, and adjacent bones exhibit non-degenerate relative motion.
The motion is temporally continuous, so depth ordering does not change
discontinuously across consecutive frames.

(A3) Weak-perspective projection with fixed camera. The camera coor-
dinate frame is fixed. The 2D projection of x = [r,y,2]" at frame ¢ is
7 (x) = shlz,y] T +t, where s > 0 is a per-frame scale factor and t* € R?
is a 2D translation.

With the local offsets {0y} fixed from the target rig, the canonical vertex position
is derived from morphology parameters:

Vi = Sglobal (pk({gb}) + Ok’)’

as defined in Eq. 56 of the main paper. The unknowns thus reduce to the global
scale Sgiobal, bone lengths {£;}, and per-frame joint rotations {0;}, which in turn
determine the per-bone orientations {R}} through forward kinematics (Eq. 7-8).

D.2 Identifiability Statement

Our optimization begins from the target character’s bone proportions and ad-
justs them to best explain the source video observations. Under the idealized
assumptions above, the structured morphology parameterization substantially
reduces ambiguity compared with unconstrained vertex-wise deformation. The
following proposition states that, in this early stage with fixed offsets, the skeletal
morphology is generically identifiable up to a single global scale.

Proposition 1 (Identifiability of Skeletal Morphology). Under A;-As,
suppose that each bone has at least four non-coplanar associated surface points,
and that these points are observed across sufficiently many frames with non-
degenerate motion. Then the morphology parameters (Sgiobal, {€v}) and the per-
frame bone orientations {R}} are determined by the 2D observations up to a
single global scale factor. In particular, all bone-length ratios €y/ly are uniquely
determined.



D.3 Proof Sketch of Proposition

We now provide a proof sketch of Proposition [I} explaining how the structured
morphology parameterization reduces the ambiguity of the monocular recon-
struction problem.

Step 1: Per-bone structure recovery up to a similarity ambiguity Under
A1, each bone b is associated with a set of surface points whose relative config-
uration is fixed over time. For such points, the weak-perspective observation at
frame ¢ can be written as

uj, = 51} Rz,zx:svk + tf, (6)

where s’} > 0 is the per-frame projection scale shared across all bones, Ri,2><3
denotes the first two rows of the bone pose in the camera frame, and t! €
R? collects the projected translation term. Subtracting the per-frame centroid
removes translation, yielding:

ﬁi: = 59 Ri,2x3‘~’k~ (7)
Let
Sy = [V Vp] e R (8)
collect the centered 3D point coordinates of bone b, and let:
5] Ré,2><3
Mb _ Sf R'.b,2><3 c RQTX3 (9)
5? RbT,2x3

stack the scaled projected rotations across frames. Then stacking the centered
2D observations over all frames gives the measurement matrix:

W, = M, S, (10)

where W, € R2TxFPs By construction, rank(Wb) < 3. Under the stated as-
sumptions, this rank is generically equal to 3. This is because the associated
surface points span a three-dimensional local configuration, and the motion is
sufficiently rich across frames according to As. It then follows from standard
scaled-orthographic rigid structure-from-motion factorization arguments [8}/13|
that W), determines the 3D point configuration of bone b and its per-frame pose
sequence up to a bone-specific similarity ambiguity. Concretely, for each bone
one may recover a shape basis and motion matrices that are equivalent to the
true ones up to an invertible 3 x 3 transform. After enforcing the metric con-
straints (i.e., each row pair of M, consists of two orthogonal vectors of equal
norm s?), the remaining ambiguity reduces to a similarity transform consisting
of a scale, a 3D rigid change of coordinates, and possibly a reflection. Temporal
continuity helps exclude inconsistent frame-to-frame sign flips, but a per-bone
gauge ambiguity still remains at this stage. Therefore, Step 1 recovers each bone
only up to an independent similarity class, not yet in a common global frame.



Step 2: Scale and orientation unification via joint constraints Adjacent
bones are not independent because neighboring bones share joints. If bones b and
b’ share a joint 7, then their reconstructed motions must be consistent with the
same joint trajectory across frames. These shared-joint constraints couple the
per-bone similarity ambiguities left unresolved in Step 1. Under non-degenerate
relative motion (Ag), they fix both the relative scale and relative orientation
between adjacent bones, since an incorrect relative scale or an inconsistent re-
flection would cause the joint trajectories inferred from the two bones to disagree
over time. Applying this argument recursively along the kinematic tree unifies
all per-bone scales into a single global scale a and all per-bone reflections into
at most a single global reflection. The per-frame projection scale s? is shared
across all bones and cancels in these inter-bone constraints. Finally, temporal
continuity (Asg) resolves the remaining global reflection, as only one of the two
choices produces a depth trajectory that varies continuously over time.

Step 3: Bone length recovery Once the joint trajectories are expressed in a
common 3D frame up to the single global scale «, the length of bone b is given by
the distance between its parent and child joints. Let j*(j) denote the recovered
3D position of joint j at frame ¢t. Then

Oy = ||j" (Jenita) — 3 (pavent)|| - (D

Because this parent—child distance is invariant for a rigid bone, 0y is independent
of ¢t and satisfies

gb = aﬁb. (12)

Therefore, all bone-length ratios £}, /¢, are determined, while the absolute lengths
remain ambiguous only up to the single global scale absorbed into sgiobal-

Step 4: Bone orientation and twist disambiguation The preceding steps
determine the joint trajectories and bone lengths in a common 3D frame up to
the single global scale. This is sufficient to fix the bone axis of each segment,
but not, in general, the rotation about that axis. In other words, recovering
orientation from joint positions alone leaves a residual twist ambiguity. This
remaining ambiguity is resolved by the surface observations. Each bone is as-
sociated with surface points whose local offsets remain fixed, and these offsets
generically include components perpendicular to the bone axis. A twist rotation
about the bone axis therefore moves such off-axis points, which in turn changes
their projected 2D locations. Consequently, different twist angles produce differ-
ent image observations. Therefore, under generic non-axisymmetric local surface
geometry, the surface observations determine the residual twist angle of each
bone. Together with Steps 1-3, this yields the per-frame bone orientations {R}}
uniquely, while the morphology parameters (Sgiobal; {¢s}) are determined up to
the single global scale already accounted for above. O
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D.4 Practical Implications

Effect of structured parameterization. In a naive formulation, each vertex
Vi € R3 is optimized independently, allowing individual vertices to drift freely
regardless of the underlying skeletal structure. Our parameterization instead
decomposes each vertex into a skeleton-dependent anchor pg({{y}) and a local
offset oy (Eq. 5-6), coupling vertex positions to the kinematic chain through
bone lengths and skinning weights. As a result, adjusting a single bone length
coherently displaces all vertices attached to the affected limb, enforcing that
shape changes remain structurally consistent across the body. This kinematic
coupling is what enables the identifiability result in Proposition 1: in the early
stage where offsets are fixed, the skeletal proportions are determined up to a
single global scale from monocular observations alone.

Fizing offsets in the early stage. Although our parameterization couples
vertex positions to the kinematic chain, a potential ambiguity remains when
offsets {0} and bone lengths are optimized simultaneously: a change ¢, — ¢, +
04y shifts the anchor py by Apg, which can be compensated by o — o — Apg,
leaving the canonical vertex position vi = px + oy largely unchanged. Fixing
the offsets during the early optimization stage, while estimating only the skeletal
parameters, removes this potential ambiguity and allows bone lengths to be
determined primarily from the observed motion. The offsets are released in the
later stage once the skeleton is sufficiently constrained, to capture residual shape
details beyond what the skeletal proportions alone can express.

Role of offsets under morphology mismatch. The identifiability analy-
sis above relies on idealized assumptions such as piecewise rigidity and weak-
perspective projection. In practice, the source and target often differ substan-
tially in local geometry (e.g., limb thickness, torso proportions, or surface details)
that skeletal parameters alone cannot account for. The offset parameters {o},
released in the later optimization stage, provide additional representational ca-
pacity to accommodate such local shape discrepancies, reducing the model mis-
match between the rig-based representation and the actual source appearance
observed in the video.

E Extended Results

Extended real-world results. To further validate real-world applicability, we
evaluate MorphGS on 8 additional human clips from SoloDance [16] and 8 an-
imal clips from AiM [22]. For AiM scenes, we use the provided masks, whereas
for SoloDance we extract foreground masks using SAM3 [3| with the text query
“dancing person”. As reported in Tab. [A8] and Tab. [A9, MorphGS consistently
outperforms the baselines across both categories. Fig. further shows qualita-
tively that MorphGS transfers motion across source—target pairs with substan-
tially different morphologies.
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Table A8: Quantitative evaluation on the SoloDance dataset. We use FVMD
(x1073, ]) as the quantitative metric for motion fidelity.

Method jazz_1 jazz_2 latin_1 latin_2 lyrical 1 lyrical 2 tap_1 tap_2 avg

SPT+ 10.58  21.91 12.19 9.29 16.73 7.54 13.66 7.12 12.38
NPR* 11.84 24.41 11.37 11.91 16.57 11.06 13.27 6.20 13.33
Pinocchio™  9.80 24.27 12.73 9.95 17.15 7.70 14.31 6.57 12.81
Ours 9.12 18.15 9.26 5.05 14.63 7.53 12.38 5.90 10.25

Table A9: Quantitative evaluation on the AiM dataset. We use FVMD (x 1073,
J) as the quantitative metric for motion fidelity.

Method boar cow hippo horse pig elephant tiger rhino avg

NPR* 10.72 27.00 13.71 18.01 9.06 15.76 26.80 7.77 16.10
Pinocchio® 11.83 27.50 21.27 14.62 7.20 11.63 20.49 7.63 15.27

Ours 7.57 21.27 9.88 11.96 4.56 6.49 14.59 3.86 10.02

ga’i\

Source Target Source Target Source Target

Fig. A3: Qualitative evaluation on extended real-world applicability.

3D coherence and per-scene quantitative results. As MorphGS performs
2D-t0-3D motion transfer, its output must hold up as a coherent 3D recon-
struction beyond the input view. Fig. [A4] shows side-view renderings, where the
recovered structure remains coherent under off-axis viewpoints for both synthetic
and real-video examples. We provide detailed quantitative results for all evalua-
tion scenes from the Mixamo [1] and DT4D [6] datasets in Tab. Tab.
and Tab.
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Fig. A4: 3D consistency from off-axis views.

Table A10: Quantitative evaluation across all scenes from the Mixamo
dataset. Lower is better for both PMD and FVMD. Best and second-best results
are highlighted in red and orange, respectively.

Method JumpingJacks Running SideStep  SkinningTest StandingJump SwingDance
PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD

SPT™ 0.79 855 2.08 11.27 1.68 6.68 248 20.14 4.28 24.15 1.69 7.25
NPR™ 0.85 863 2.80 16.11 1.62 21.01 6.93 24.00 551 32.04 1.71 8.99
Transfer4D 6.14 16.27 5.66 17.92 1.61 25.50 5.56 18.77 9.62 24.12 256 11.09
Pinocchio™ 15.58 18.46 2.76 10.64 1.16 7.37 2.50 17.85 4.55 26.96 1.61 11.33

Ours 039 419 154 6.54 1.03 684 1.71 17.66 5.08 2255 1.04 5.74
Method Walking Floating HipHopDance  Header Dying Snatch
PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD
SPT™ 1.83 6.07 5.08 10.20 1.51 825 486 7.80 550 7.88 3.71 32.46
NPR* 297 955 420 11.35 1.64 10.22 544 887 895 924 517 39.98

TransferdD 7.16 12.44 13.89 7.40 2.75 11.57 19.08 6.90 6.38 8.19 11.40 33.70
Pinocchio™ 2.32 6.83 2.79 11.10 1.36 7.80 5.20 11.32 3.15 5.05 11.61 33.70
Ours 093 411 197 763 060 6.82 3.11 6.81 3.08 538 244 11.52
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Table A1ll: Quantitative evaluation across all scenes from DT4D-
Quadrupeds. PMD and FVMD values are reported in 10® and 102 scales, respec-
tively. Lower is better. Best and second-best results are highlighted in red and orange,
respectively.

Method Punch Walk1 Death Walk2 KickBack
PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD
NPR* 2.92 8.48 2.32 2323 531 2751 1.27 8.64 2.95  20.61

TransferdD 4.54 1040 1.96 21.45 531 23.21 874 12.06 3.56 20.64
Pinocchio™  5.50 9.11 3.20  19.75 5.20 20.40 1.60 9.31 3.70  24.38
Ours 0.77 6.81 0.56 8.62 3.96 14.12  0.60 4.92 1.47  13.70

Method Swim Jump Walk3 Aggression Howl
PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD

NPR™* 3.56 12.03 2.05 5.65 3.92 18.24 351 2566 3.38 16.15
TransferdD 5.21 1231  3.11 8.19 3.39 7.60 4.87  31.32 4.26 7.00
Pinocchio™  4.80 7.83 1630 6.71 10.30 17.73 6.60 25.63 7.90 14.00

Ours 2.23 7.61 1.66 2.71 0.75 4.94 1.26 18.72 1.05 6.11

Method Hit Back Run Stop Run Forward Drink Hop Forward
PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD

NPR+ 2.25 10.02 561 1239 4.74 5.02 2.80 27.67 255 23.48

TransferdD 5.29 13.72 4.22 23.86 8.83 5.24 528 17.13 144 1591
Pinocchio™ 3.40 17.07 2.90 10.89 4.20 4.28 4.30 20.51 3.30 21.07
Ours 0.88 9.32 1.22 8.36 2.39 2.92 0.65 16.45 0.51 6.80

Table A12: Quantitative evaluation across all scenes from the DT4D-others
dataset. Lower is better for both PMD ({) and FVMD (]). Best and second-best
results are highlighted in red and orange, respectively.

Method Fly Attack Running Walk Swimming
PMD FVMD PMD FVMD PMD FVMD PMD FVMD PMD FVMD

Transfer4D 13.21 45.51 2.67 21.40 14.08 11.15 3.59 3.80 225 5.74
Pinocchiot 291 30.63 2.14 11.01 29.99 17.37 0.43 897 245 3.18
Ours 1.56 36.07 181 881 519 11.26 0.57 3.36 0.62 4.63
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