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Fig. 1: Given a monocular video and a rigged 3D target character, MorphGS directly
optimizes target morphology and pose parameters to reproduce the observed motion
without explicit source 3D reconstruction or category-specific parametric templates.

Abstract. Transferring articulated motion from monocular videos to
rigged 3D characters is challenging due to pose ambiguity in 2D obser-
vations and morphological differences between source and target. Ex-
isting approaches often follow a reconstruct-then-retarget paradigm, ty-
ing transfer quality to intermediate 3D reconstruction and limiting ap-
plicability to categories with parametric templates. We propose Mor-
phGS, a framework that formulates motion retargeting as a target-driven
analysis-by-synthesis problem, directly optimizing target morphology and
pose through image-space supervision. A rig-coupled morphology pa-
rameterization factorizes character identity from time-varying joint rota-
tions, while dense 2D-3D correspondences and synthesized views provide
complementary structural and multi-view guidance. Experiments on syn-
thetic benchmarks and real-world videos show consistent improvements
over baselines. Project page: https://xodus777.github.io/MorphGS/
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1 Introduction

Animating 3D characters from videos has long been a goal in vision and graph-
ics. At its core, the task requires retargeting articulated motion observed in a
monocular video to a rigged 3D target character. Despite progress in video-based
3D motion reconstruction, robust motion retargeting from monocular videos re-
mains challenging to deploy broadly, as source videos and target characters often
differ substantially in morphology and appearance [1,41].

A common paradigm follows a reconstruct-then-retarget pipeline [8}[2830,43]
56|: first reconstruct an intermediate 3D representation from the source video,
then transfer the recovered motion to a target character. These approaches of-
ten rely on parametric templates |26}(62]|, category-specific models [15}48,|52],
or large-scale training data [23], limiting their applicability to well-studied cat-
egories such as humans and quadrupeds. Furthermore, the cascaded nature of
the pipeline causes errors to propagate into the retargeting stage, where they are
further amplified by morphological mismatches between the source and target.

We propose MorphGS, a video-to-3D motion transfer framework (Fig.
that casts retargeting as a target-driven analysis-by-synthesis problem [5,/20,42].
Instead of reconstructing the source in 3D, we directly optimize the target charac-
ter’s morphology and motion so that its differentiable rendering [17] reproduces
the source observations, while its structural identity remains anchored to the
target. This avoids both failure modes of the cascade, as no intermediate recon-
struction propagates errors under morphological mismatch, and shape changes
are grounded in the target rig rather than in category-specific priors.

The key to making this target-driven optimization tractable is to prevent pose
updates from entangling with shape changes. MorphGS introduces an explicit
morphology parameterization that factorizes time-invariant character identity
from time-varying motion. Concretely, we model shape with structured mor-
phology parameters—bone lengths, scale, and local rest-pose offsets anchored to
the rig—while optimizing per-frame pose parameters via image-space supervi-
sion. For robust structural guidance under monocular ambiguity, we combine two
complementary signals. Dense 2D-3D semantic correspondences supply part-level
anchors, while diffusion-based novel-view synthesis adds multi-view supervision.

Together, these components let MorphGS retarget motion without source
reconstruction, motion priors, or category-specific training, while a rig-coupled
parameterization keeps morphology and pose identifiable up to a global scale. We
validate this design across synthetic and real-world benchmarks, showing that
target-driven morphology-and-pose optimization provides an effective alternative
to reconstruct-then-retarget pipelines.

2 Related Work

Our study addresses video-to-3D motion transfer, where the goal is to recover a
pose sequence that animates a rigged 3D target mesh to reproduce articulated
motion observed in videos. This task builds upon pose estimation from 2D obser-
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vations and 3D motion transfer. We review each area below, including existing
2D-t0-3D motion transfer, and position our approach within this landscape.

Pose and shape estimation from videos Recovering 3D pose from video
often relies on category-specific parametric templates such as SMPL [26] for
humans [11,/57] and SMAL [62] for quadrupeds [27,/35]. These methods achieve
strong results but remain confined to categories with dense 3D annotations and
parametric models. Template-free methods [3}23]/471/48]/52] predict 3D shape and
pose directly from image collections, yet their category-specific training limits
generalization beyond seen categories and does not extend to cross-character
retargeting. Recent 4D reconstruction enables per-scene articulated modeling
from monocular or sparse observations, leveraging representations such as 3D
Gaussian splatting [13}[14}17,/46,54] and mesh-Gaussian hybrids [22}|49], while
others animate static meshes via automatic rigging or video diffusion priors |38|
45|. However, these methods remain subject-specific, as the recovered motion is
tied to the source identity and does not directly transfer to other characters.

3D-to-3D motion transfer While the above methods focus on recovering
motion for a single subject, motion transfer addresses re-applying articulation
across different characters. Skeletal motion transfer methods operate on explicit
skeleton representations [1}/7,[10L40,/41], yielding robust results when two charac-
ters share compatible rigs. Skeleton-free deformation methods [9.24}301431/44}55]
relax the need for structural alignment, but both lines still require high-quality
3D motion sequences (e.g., skeletal trajectories or mesh animations), which re-
main scarce beyond well-studied categories such as humans.

2D-to-3D motion transfer Video-driven 3D motion transfer combines pose
estimation and retargeting into a single pipeline. In the human and quadruped
domains, parametric templates [261/62] are paired with pose estimators [34},[57]
and 3D transfer techniques [4,{30,/43|, but remain inherently limited to categories
that such templates support. Meanwhile, category-agnostic methods lift this
restriction by first reconstructing source 3D motion with a generic prior—RGB-
D videos [28], novel view synthesis [8], keypoint annotation [31], or image-to-3D
generative models [12,/56]—and then transferring it to the target via algorithmic
rigging or learned deformation. Despite their generality, these approaches follow a
reconstruct-then-retarget paradigm whose performance is tied to the intermediate
source reconstruction. While recent works [12]31] reduce the need for dense
reconstruction by learning deformation transfer from sparse 3D keypoints or
skeletal joints, their generalization still depends on the shapes and motions seen
during training.

In contrast, our method casts video-to-3D retargeting as a target-driven
analysis-by-synthesis problem, directly optimizing the target’s morphology and
pose through image-space supervision via differentiable Gaussian rendering. A
skeletal-anchored morphology parameterization accounts for the shape differ-
ences between source and target while preserving the target’s rig, enabling trans-
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Fig. 2: Overview of MorphGS. Given a source video and a target character, Mor-
phGS first represents the target as morphology-adaptive articulated 3D mesh (Sec. .
3D Gaussian representation is wrapped to deform pose and render differentiably
(Sec. . The morphology and pose parameters are jointly optimized through image-
space supervision (Sec. . The recovered motion is then retargeted to the target
character, yielding an animation that closely follows the source video.

fer between morphologically different characters without parametric templates,
motion priors, or explicit 3D supervision.

3 Methods

3.1 Problem Formulation

Consider a source monocular RGB video {I; € RZ*W>31T | depicting an artic-
ulated subject. Given a rigged target mesh M'' whose morphology may differ
from the source, our goal is to estimate a temporally coherent pose trajectory
{P,}L | that retargets the observed motion onto M'" while preserving the tar-
get’s structural identity (i.e., skeleton topology and mesh connectivity).

Target-driven analysis-by-synthesis We formulate video-to-3D motion re-
targeting as a target-driven analysis-by-synthesis problem. Instead of recon-
structing the source in 3D and transferring motion afterward, we directly op-
timize target-specific parameters so that the rendering of the animated target
closely reproduces the input frames. At each time step ¢, the posed shape M, is
obtained in two stages: (i) morphology adaptation in the target’s canonical space,
which adjusts limb proportions, global scale, and local geometry to bridge the
shape gap between the source and target, followed by (ii) rig-driven posing via
forward kinematics and linear blend skinning;:

M(m) = WM m),  Mq(¢,m) = S(M(m), Pi(¢)), (1)

where W(-;m) is the morphology adaptation function parameterized by m, pro-
ducing the adjusted canonical shape M, and S denotes the skinning operator
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that applies skeletal pose P;(¢) to M, yielding the per-frame posed shape M.
Here ¢ denotes the parameters of a temporally conditioned pose network.

A differentiable renderer R maps the posed shape M, to a predicted frame
I = R(M;), where we adopt the 3D Gaussian rasterizer [17] for efficient ren-
dering. We estimate target-side parameters (¢, m) by minimizing objectives in
the projection space over the foreground mask (2;:

min é:lﬁ (It; R(Mq(¢,m)); 9t>. (2)

)

Once optimization is complete, only the recovered pose trajectory {P;(¢)}7i_,
is applied back to the target rig M preserving its original geometry. Note
that we fix intrinsics and do not estimate per-frame extrinsics in our renderer.
Global source-target alignment in each frame is approximated by a per-frame
root transform in SE(3).

Building on the above formulation, we first introduce a morphology-adaptive
parameterization for articulated 3D modeling (Sec. 7 then describe pose-
conditioned Gaussian rendering (Sec. , and finally present the full objective
and optimization procedure (Sec.[3.4)). The overall pipeline is illustrated in Fig.

3.2 Morphology-Parameterized Articulated 3D Modeling

The goal of the morphology adaptation function W is to account for time-
invariant shape differences between the source subject and the target character
(e.g., differences in limb proportions, body size, or local geometry), so that the
per-frame source observations can be explained primarily by the pose trajectory
{P.(¢)}L, through the skinning operator S (Eq. (T)).

However, jointly optimizing shape and pose from monocular observations is
challenging due to the well-known shape-pose ambiguity, where shape changes
can compensate for pose updates in the image plane |16}/50]. If the canonical
shape is optimized without structural and temporal constraints, it can absorb
per-frame pose errors and lead to geometric drift. We mitigate this by restricting
all shape changes to structured time-invariant morphology parameters coupled
to the target rig, thereby reducing the degrees of freedom that can explain the
same 2D observations. Accordingly, we parameterize morphology as:

m = (Sglobal, {ly}ves, {Ok}gzl)v (3)

where sg10ba1 € Ry resolves monocular depth-scale ambiguity, £, € R are learn-
able bone lengths controlling skeletal proportions, and o;, € R? are local geomet-
ric offsets that capture residual shape details (e.g., limb thickness, silhouette)
beyond what the skeleton alone can express, as illustrated in Fig. [3] We assume
the target mesh M'" is rigged with a fixed kinematic tree and skinning weights
{wg;}. For unrigged targets (e.g., generated mesh), we obtain these using off-
the-shelf auto-rigging methods [41[58].
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Fig. 3: Morphology parameterization. (a) Skeleton anchor pg, local offset o, and
3D Gaussian primitives on the target rig. (b) Distinct deformation induced by global
scale, bone lengths, and offset Gaussians. (¢) An example of morphology adaptation.

Learnable bone lengths Let J denote the set of joints with root joint j.oot-
For each bone b € B, d; denotes the unit direction from its parent to child joint.
We define the rest-pose joint locations jrest : J — R? as:

jrest (]a g) = jrest (jroot) + Z Zb db7 (4>
bep(jroot,j)

where P(jroot,j) denotes the kinematic-chain path from the root to joint j. The
kinematic tree B and directions d; are initialized from the target rig and kept
fixed, while only the bone lengths ¢, are optimized. This preserves the skeletal
topology while allowing bone proportions to adapt via ¢, for all b € B.

Canonical target shape Given the adjusted skeleton, we define each canonical
vertex position relative to the rig. Specifically, we compute a skeleton-dependent
anchor py as the skinning-weighted average of the rest joints:

Pk = Z WE4 jrest (]a 6) (5)

JjET

With normalized skinning weights (wi; >0, >, wk; =1), px is a convex com-
bination of joint locations and therefore lies in the convex hull of {jyest(j)}. We
then model the canonical vertex as a residual around this anchor, vy = pi + o,
where oj, € R is a skeletal anchored rest-space offset relative to py that captures
local residual geometry (e.g., thickness, silhouette) beyond skeletal proportions.
Finally, we apply a uniform global scale sgiobal € R4 to the canonical shape,
including both the skeleton and surface geometry, to resolve the monocular

depth-scale ambiguity:
Vi = Sglobal Vk- (6)

Discussion Theoretically, recovering both 3D shape and motion from monocu-
lar 2D trajectories with unconstrained non-rigid structure is ill-posed [50]. Under
weak-perspective projection, our formulation instead imposes a piecewise-rigid
kinematic model in which bone lengths {¢;,} and local rest-space offsets {oy}
are strictly time-invariant [19]. This factorization confines temporal variation to
articulated joint rotations, which discourages morphology parameters from com-
pensating for pose errors and reduces shape—pose entanglement. With sufficiently
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non-degenerate motion, the resulting kinematic constraints make morphology
and pose identifiable up to a global scale factor. While real videos often deviate
from these ideal assumptions (e.g., perspective effects and soft-tissue deforma-
tion), the analysis provides a useful explanation for the empirical stability of our
target-driven optimization. We include a proof sketch and further discussion in
the appendix.

3.3 Pose-conditioned Gaussian Rendering

Our target-driven formulation jointly optimizes both the morphology parameters
m and the pose parameters ¢ through image-space gradients. We realize this
by representing the morphology-adapted canonical shape as an articulated 3D
Gaussian set, posing it through forward kinematics and Linear Blend Skinning
(LBS), and rendering via 3D Gaussian splatting [17].

Articulated 3D Gaussians We represent the target mesh with K 3D Gaus-
sian primitives, initialized from the mesh vertices in the rest pose so that each
Gaussian inherits its vertex’s skinning weights {wy;}jes directly from the rig.
Each primitive k carries a canonical center v, € R3 (Eq. @ together with the
standard splatting attributes: anisotropic scale, rotation vector, opacity, and
view-dependent color [17]. This initialization ensures that skeletal deformations
and surface geometry remain tightly coupled, preventing the Gaussians from
drifting away from the underlying rig during optimization.

Pose-conditioned deformation To encourage temporal coherence, we param-
eterize the pose trajectory with a single time-conditioned network rather than
optimizing independent per-frame pose:

Pi(¢) = ({0;}j6.7= dﬁoot) = fy(emb(t)), (7)

where emb(t) is a sinusoidal time embedding [29,39] and f, is a lightweight MLP
that outputs per-joint relative rotations 03» (axis-angle) and root translation
o', .- Forward kinematics converts the local rotations into global joint transforms
{T% € SE(3)}cs, which then deform the canonical centers via LBS:

Vé = Z Wi T; Vi. (8)
JjeT

Rasterization The posed Gaussians are projected onto the image plane and
composited via depth-sorted alpha blending |17], producing a rendered frame
I = R(M,(¢, m))). This closes the differentiable chain from (m, ¢) to the pixel-
level objective in Eq. [2| enabling joint morphology—pose optimization through
image-space supervision alone.
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Fig. 4: Dense 2D—3D correspondence matching. (a) Extracting semantic features
from source frames and rendered target views. (b) Calculating similarity between them.
(c¢) 3D keypoint mapping corresponding to the source pixel.

3.4 Differentiable Optimization Framework

During optimization, the Gaussian representation serves as a differentiable proxy,
enabling image-space gradients to flow back to both shape and pose through the
rendering pipeline. Unlike prior pipelines that assume aligned source—target
or require canonical pose initialization [38|, our approach jointly optimizes
morphology and pose from a single monocular video without such assumptions.
Our objective combines rendering losses, keypoint loss, and regularization:

Et = ﬁrgb + Emask + »Ckcyp + Emv + ﬁrcg~ (9)
————
Crender

Rendering losses The rendering terms provide the primary gradient signal for
motion and appearance alignment by directly comparing the rendered target I
with the source frame I; in the image plane. Specifically, L,s, enforces photo-
metric consistency within the foreground region, and L,,sk aligns the rendered
alpha mask 02, with a foreground segmentation (2; to stabilize global outline.

Keypoint loss Photometric and mask supervision provide robust appearance
and shape signals, but can be insufficient early in optimization or under large
source—target morphological differences, where pixel-level losses alone struggle
to establish reliable part-to-part correspondences. To provide explicit structural
guidance, we establish dense 2D-3D correspondences between the source frame
and the target mesh and use them as keypoint supervision.

Dense 2D-3D correspondence. The detailed pipeline of our dense correspondence
extraction module is illustrated in Fig. [d] We first extract dense semantic fea-
tures from the source video frames {I;}~_; and from the rendered images of the
target mesh across N views, {I2'}Y | using a geometry-aware feature extrac-
tor @(-) [59]. For each frame ¢, we define u € R? as a foreground pixel in the
source frame I, and x € R3 as a vertex from the target mesh vertices V(M"?).
Following SHIC , we compute the pooled similarity score between u and x:

Zi(u,x) = pool o sim (@(It)[u], D(I'EY) [Wv(x)]) , (10)
v, xEV(MIEY)
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where sim(+, -) denotes cosine similarity, 7, (x) projects x onto rendered view ‘8",
and pool operator aggregates scores across all N rendered views. Each source
pixel is then assigned to its best-matching 3D keypoint Xy ¢:

Xut = argxegﬁgt)zt(u, X). (11)

Keypoint supervision. Let P; denote the set of sampled foreground pixels in
frame t. For each frame ¢, we select source pixels u; € P;, whose similarity scores
exceed a confidence threshold, and penalize the reprojection error between their
observed locations and the projected positions of the matched 3D keypoints:

1 -
Lieyp = m zt: Z P (ui — W(Xui,t)) , (12)

u; Py

where 7(-) denotes a fixed camera projection, and p(-) is a smooth-¢; penalty.

Synthesized-view guidance Monocular input leaves occluded body parts under-
constrained, making pose ambiguous under self-occlusion. To provide comple-
mentary viewpoints, we leverage a diffusion-based novel-view synthesis mod-
ule [53] to generate temporally consistent pseudo-views of the source sequence.
Our target-driven formulation naturally accommodates multi-view supervision,
as the synthesized views simply provide additional image-space objectives over
the same target parameters. We extend the rendering losses to all viewpoints C:

T
‘CIUV = Zzﬁizzldent' (13)

t=1 ceC

This additional supervision regularizes pose estimation under self-occlusion, where
the monocular input alone provides insufficient constraints.

Regularizations Finally, £, enforces frame-to-frame temporal motion smooth-
ness. Additional details on regularizations are provided in the Appendix.

4 Experiments

4.1 Implementation details

We employ a staged optimization strategy that first resolves global alignment
(root translation, root orientation, sgiobal), then we enable updating £, and local
joint rotation estimation from 500 to 1.5K iterations. Lastly, from 1.5K itera-
tions, we jointly optimize all parameters, including Gaussian splatting attributes
(offsets oy, color, scale, rotation). All experiments are run on a single NVIDIA
RTX 4090 GPU. For a target mesh with 10K vertices, the optimization process
takes approximately 5 minutes for 5K iterations using Adam |18] with adaptive
learning rates. Further details are provided in the Appendix.
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Table 1: Quantitative evaluation on Mixamo and DT4D datasets. Our method
consistently outperforms all baselines across evaluated datasets on average. Results are
averaged across scenes, with per-scene results in the appendix. PMD (x 103, J) measures
geometric accuracy and FVMD (x 1073, J) measures perceptual motion fidelity.

Mixamo-Humanoids DT4D-Quadrupeds DT4D-Others
Method PMD FVMD PMD FVMD PMD FVMD
SpT+ 2.96 12.56
NPR™T 3.98 16.67 3.28 16.32
Transfer4D 7.65 16.16 4.67 15.34 7.16 17.52
Pinocchio™ 4.55 14.03 5.56 15.24 7.59 14.23
Ours 1.91 8.82 1.33 8.81 1.95 12.83

4.2 Experimental Setup

Datasets We evaluate MorphGS on both real-world and synthetic benchmarks
to assess motion transfer performance across different categories. For synthetic
evaluation, we test on Mixamo |2] and DeformingThings-4D (DT4D) [21], fol-
lowing prior motion-transfer protocols [24}/55].

In the Mixamo dataset, we utilize 12 humanoid source—target pairs with
different motion types including diverse human motions (e.g., jumping, run-
ning, and dancing), where rigged target meshes are directly available from the
dataset. For DT4D, we include 20 animal source-target pairs with paired posed
mesh sequences for the same motion, split into two groups by skeleton topology:
DT4D-Quadrupeds (four-legged animals), and DT/D-Others, which includes 5
categories beyond the standard quadruped skeleton topology. Since DT4D does
not provide rigged meshes, we obtain target rigs using off-the-shelf auto-rigging
tools [4L/58]. To generate source videos, we animate the source mesh with the
ground-truth pose sequence and render a monocular video from a fixed view-
point using the differentiable mesh renderer in PyTorch3D [33|, yielding 1,505
source—target mesh pairs in total across the three splits.

For real-world evaluation, we curate 8 object-centric clips from DAVIS [32],
comprising 4 human and 4 animal sequences. These clips span challenging cap-
ture conditions (e.g., motion blur, occlusion) and varying motion complexity
(e.g., fast or non-rigid motion), as illustrated in Fig. @ We use the provided ob-
ject masks when available and otherwise extract them with SAM3 [6], cropping
each frame to the mask region. Extended real-world evaluations on 16 additional
clips from SoloDance [51] and AiM [60] are provided in the appendix.

FEvaluation metrics For synthetic datasets, we measure Point-wise Mesh Dis-
tance (PMD) [44,61] across all frames to evaluate motion transfer accuracy as the
average per-vertex fo distance between the retargeted and ground-truth meshes
following [241|43]/55]. For both synthetic and real datasets, we measure Fréchet
Video Motion Distance (FVMD) [25], which measures perceptual motion plausi-
bility by comparing distributions of velocity and acceleration features extracted
from keypoint trajectories in rendered videos.
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Fig. 5: Qualitative results on Mixamo and DT4D datasets. Our method shows

superior pose alignment compared to baselines across diverse objects. Refer to the
supplementary video for full animations.

Baselines We compare against baselines from two groups. (i) The first fol-
lows a reconstruct-then-retarget paradigm, where a 3D mesh sequence is first
reconstructed from the source RGB video using off-the-shelf parametric tem-
plate pose estimators , and then retargeted to the target character via
SPT (denoted SPTT), NPR (denoted NPR™), or Pinocchio [4] (de-
noted Pinocchio™). (ii) The second is Transfer4D [28], which estimates a motion
skeleton from RGB-D input and transfers it to the target via automatic rigging.

4.3 Motion Transfer Evaluation

We evaluate motion transfer on synthetic benchmarks spanning humanoid and
animal targets with different topologies. Tab. [ summarizes the results.
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Table 2: Quantitative evaluation on real-world videos. We use FVMD (x 1073,
1) as the quantitative metric for motion fidelity.

Human scenes Animal scenes
Method tennis rollerblade hockey snowboard avg bear camel cows dog avg
spTt 13.95 21.89 5.53 19.30 15.17
NPR™T 21.03 23.95 11.96 29.54 21.62 18.26 17.46 14.62 25.66 19.00
Pinocchio™  16.91 18.63 7.64 18.38 15.39 18.27 13.80 12.58 18.67 15.83
Ours 13.87 13.90 5.13 18.07 12.74 13.31 12.28 6.43 17.94 12.49

Humanotid motion transfer comparisons For reconstruct-then-retarget base-
lines, we first estimate SMPL [26] pose sequences from the source video using
an off-the-shelf monocular human pose estimator [11], and then retarget the
recovered 3D motion to the target character using SPT [24], NPR [55], and
Pinocchio [4], respectively. For TransferdD [28|, which requires RGB-D input,
we additionally provide rendered metric depth maps.

As shown in the first column of Tab. [[, MorphGS shows lower PMD and
FVMD than the compared baselines, consistent with the qualitative results in
Fig. [5| Baseline methods often exhibit incomplete motion transfer (e.g., third
row of Fig. [5) or over-smoothed deformations. This is because they rely on
learned pose priors or latent manifold constraints, and the retargeting stage
may prioritize globally plausible motion over fine-grained vertex-level alignment.
In addition, preprocessing targets into manifold mesh representations |24} (55|
can remove high-frequency surface details. MorphGS instead optimizes target
morphology and pose via differentiable rendering in the target parameter space,
which maintains target mesh structure while achieving accurate pose alignment
to source motions as in Fig. [}

Animal motion transfer comparisons We further report animal motion
transfer results in the DT4D-Quadrupeds and DT4D-Others columns of Tab.
For reconstruct-and-retarget baselines, we use [27] to reconstruct SMAL [62]
template pose sequences from the source videos. We omit SPT™T for animals
because pretrained weights are not available for non-human shapes. NPR™* is
omitted on DT4D-Others since it requires pretrained pose manifolds, which are
not provided for non-quadruped animal categories.

For DT4D-Others, which includes categories beyond common parametric
templates such as bird or whale, we compare our method against TransferdD
and Pinocchio™. For Pinocchio™ on these categories, we provide a ground-truth
source mesh sequence as input, bypassing the 2D video-to-3D reconstruction
stage to avoid severe error propagation from an intermediate reconstruction
pipeline. As shown in Tab. I} MorphGS shows lower PMD and FVMD than both
baselines, demonstrating effective motion transfer performance on non-standard
categories that remain relatively underexplored in the motion retargeting liter-
ature.

Real-world motion transfer comparisons We evaluate on the real-world
monocular videos curated from DAVIS [32], using them as motion sources. Since
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Fig. 6: Qualitative results on real-world videos. We show motion transfer results
on real-world videos. Refer to the supplementary video for full animations.

ground-truth 3D mesh sequences are unavailable for such footage, we report
FVMD as a perceptual measure of motion consistency rather than direct
geometric error, and complement it with qualitative comparisons in Fig. [6] and
the supplementary video. We use target meshes from Mixamo |2| for humanoids
and DT4D for animals. As summarized in Tab. [2, MorphGS achieves a lower
average FVMD than the compared baselines on both human and animal videos.
Qualitative results in Fig. [6] show that the posed targets track the motion in
the input frames while maintaining the target’s original structure. These results
indicate that our target-driven, morphology-adaptive optimization is effective on
unconstrained monocular videos.

Cross-category motion transfer Figure[7]further demonstrates cross-category
transfer, where a single rabbit running motion is retargeted to a fox, a deer,
and a quadruped robot with substantially different body proportions and local
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Morphology parameterization ) %\ b
Naive model 8.45 17.54
Fixed morphology 3.72 15.30
+ £y 2.87 12.45 b4

+ Ly, Sglobal 1.99 9.55
+ Ly, Sglobal, Ok 1.91 8.82

Table 3: Ablation study.
PMD (x10%, ]) and FVMD
(x1073, |) are averaged over
12 scenes from the Mixamo
dataset.

Target Mesh / Ours Per-vertex update w/o Morphology
Source Frame  (full model) (naive model) update

Supervision losses
Lrender 452 1357 Fig.8: Effect of morphology parameteriza-
+ Lieyp 2.96 1193 tjon. Skeleton anchoring couples vertices to the rig,
+ Lieypy Lmv 1.91 8.82 preventing structure-violating deformation.

geometries. This factorization of body proportions and local geometry enables
MorphGS to reproduce the source running motion across targets while preserv-
ing target-specific morphology.

4.4 Ablation Studies

In this section, we evaluate the key components of our framework by ablating
the morphology parameterization and supervision signals.

Effects of morphology parameterization We first analyze the effect of our
morphology parameterization by comparing it against a naive model that defines
each canonical vertex v € R? as a free variable in the global coordinate, rather
than as a local offset o relative to the skeleton-dependent anchor py (Eq. .
Without the anchor py coupling vy, to the bone lengths ¢, individual vertices can
shift independently of the kinematic structure during optimization. As shown in

Tab. [3|and Fig. [8] this leads to significant performance degradation (PMD 8.45,
FVMD 17.54).
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We further ablate individual morphology parameters by progressively en-
abling them. Without morphology adaptation (fixed morphology), the optimizer
compensates for the shape gap through incorrect joint rotations, degrading pose
accuracy (PMD 3.72). Enabling bone lengths ¢, and global scale sgiohal resolves
skeletal proportion and scale mismatches, respectively, yielding substantial gains.
Offsets of provide further refinement by capturing residual surface details.

Effects of supervision losses Rendering losses alone recover coarse motion
but lack part-level precision, yielding a relatively high PMD of 4.52, since pho-
tometric and silhouette cues constrain the projected appearance and outline
without resolving part-to-part correspondence. Adding dense 2D-3D keypoint
supervision introduces explicit part-wise anchors, leading to a substantial re-
duction in PMD from 4.52 to 2.96. Synthesized-view guidance further improves
robustness under self-occlusion by reducing monocular ambiguity, yielding the
best performance with 1.91 PMD and 8.82 FVMD. Additional ablations on su-
pervision losses are provided in the appendix.

5 Conclusion and Future Work

In this study, we have presented MorphGS, a video-to-3D motion transfer frame-
work. By formulating motion retargeting as an inverse-graphics optimization
problem, our approach explicitly factorizes morphology and rig-driven pose pa-
rameters. This parameterization effectively addresses source-target shape mis-
alignments, enabling motion transfer without relying on predefined parametric
templates or intermediate 3D source reconstruction.

Although our morphology adaptation facilitates cross-identity motion trans-
fer, the current framework assumes a compatible articulated topology between
the source and target. This assumption inherently limits transfer across subjects
with significantly different kinematic structures, such as differences in branch
count or joint hierarchy. For future work, integrating physics-based motion pri-
ors could provide stronger constraints to resolve ambiguities under severe self-
occlusions and reduce temporal artifacts. Moreover, explicitly modeling non-rigid
soft-tissue deformations could further improve the expressiveness of the trans-
ferred motion. We hope our approach provides a useful step toward more flexible
3D content creation and cross-category motion understanding.
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