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Supplementary Material

1. Differentiable Simulation Details
Forward Simulation The dynamics of deformable bod-
ies follow Newton’s Second Law, formulated as

d2x

dt2
“ M´1fpxq (1)

where M is the mass matrix, whose diagonal entries con-
tain the masses of all vertices. The total force fpxq consists
of the external forces fextpxq (e.g., gravity) and the internal
elastic forces fintpxq arising from deformation. To ensure
consistency with skinning-based animation, we omit exter-
nal forces and simulate only the internal elastic response.
The internal force fintpxq captures how the deformable ob-
ject attempts to restore its rest shape by resisting deforma-
tion.

In continuum mechanics, this elastic behavior is char-
acterized by defining an energy density function ψpF pxqq,
which measures the strain energy per unit undeformed vol-
ume. We employ the Fixed Corotated constitutive model
[5] to describe the material behavior. Its energy density is
defined as

ψpxq “ µ}Fi ´ Ri}
2
F `

λ

2
pdetpFiq ´ 1q2, (2)

where µ and λ are the Lamé parameters, Fi is the deforma-
tion gradient, and Ri is the rotational component extracted
from the polar decomposition of Fi. The total potential en-
ergy of the deformable body is computed as

Ψpxq “

N
ÿ

i“1

ψpFiqVi, (3)

where Vi denotes volume of i-th tetdrahedra. Note the in-
ternal resisting force is then defined as the negative gradient
of the potential energy with respect to the vertex position

fintpxq “ ´
BΨpxq

Bx
. (4)

To advance the simulation, we use an optimization-based
implicit integrator:

xn`1 “ argmin
x

1

2
}x ´ x̃}2M ` Ψpxq, (5)

and solve this minimization via Newton’s method with line
search. This yields the updated configuration xn`1 and al-
lows us to compute the simulated trajectory of every vertex
over time.

Backward Propagation Following Li et al. [1], once the
optimization problem in Eq. 5 is solved at each time step,
we can backpropagate through the implicit integrator. For
any loss function L, let G denote the gradient of the objec-
tive 1

2}x ´ x̃}2M ` Ψpxq. The gradient can be propagated
from time step n` 1 to time step n as:

dL

dxn
“ ´A BG

Bxn
´

1

h

dL

dvn`1
(6)

„

dL

dvn
,
dL

dE

ȷ

“ ´A
„

BG

Bvn
,

BG

BE

ȷ

, (7)

where the velocity update is vn`1 “ xn`1
´xn

∆t and E is the
Young’s modulus. A is obtained by solving a linear system:

A “

„

dL

dxn`1
`

1

h

dL

dvn`1

ȷ „

BG

Bxn`1

ȷ´1

(8)

By combining these analytical gradients with Warp’s dif-
ferentiation operator [3], our simulation becomes fully dif-
ferentiable with respect to material parameters. This en-
ables direct optimization of material properties using losses
computed at arbitrary time steps.

2. Additional Results
Additional Qualitative Comparison. In Fig. 1, we pro-
vide additional comparison results with the baseline meth-
ods, including Puppeteer [4], DreamMesh4D [2] and
SC4D [6].

Diverse Motion. By leveraging the capability of video
models, our method naturally supports generating diverse
motions for the input 3D assets by producing multiple
videos and optimizing the rigging model for each, as
demonstrated in Fig. 2.

Novel Views. We present additional novel-view results of
our generated motions in Fig. 3. Since the motions are
reconstructed on a 3D model, our method naturally main-
tains cross-view consistency, removing the need to generate
multi-view videos.
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Figure 1. Qualitative Comparison. We provide additional qualitative comparison results with Puppeteer [4], DreamMesh4D [2], and
SC4D [6].



(a)

(b)

(c)

(a)

(b)

(c)

Figure 2. Varying Motion Generation. With different guiding
videos of the same character, our method generates the corre-
sponding 4D trajectories containing varied motion sequences.
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Figure 3. Novel Views. In addition to the input-view results, we
render the generated animations from two novel viewpoints.
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